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Abstract

Background: Ambient artificial intelligence (Al) scribe technologies have shown early
promise in alleviating documentation burden and physician burnout. However, to our
knowledge, these tools have not been rigorously evaluated in a randomized controlled trial
(RCT).

Methods: This is a three-arm pragmatic RCT of 238 outpatient physicians at a large
academic health system, randomized 1:1:1 to one of two ambient Al scribe tools or a
usual-care control group. The two-month study will compare the effects of each tool. We
will use covariate-constrained randomization to balance the arms in terms of physician
baseline time in notes, survey-measured level of burnout, and clinic days per week.

Study Outcomes: The primary outcome is the change from baseline in physician time
spent on documentation. Self-reported physician burnout, task load, professional
fulfillment, NET promotor score, and perceived harmful/unintended consequences as well
as EHR-based after-hour time, pajama time, and productivity metrics (visits per week,
relative value units (RVUs), clinic turnover rates) will be assessed as secondary outcomes.
Data will be collected via provider surveys, electronic health record (EHR) utilization data,
and provider-level billing data.

Conclusion: To our knowledge, this is the first RCT evaluating two ambient Al scribe
vendors. These findings will provide insights into their impact on efficiency, productivity
and physician well-being in ambulatory care settings.

Trial Registration: This study is registered on ClinicalTrials.gov under the identifier

NCT06792890 (https://clinicaltrials.gov/study/NCT06792890)
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physician burnout

Protocol Version

This is Protocol Version 1, dated November 1, 2024.

Trial Sponsor

Not applicable. This study does not have an external sponsor.

Background

Nearly one in two U.S. physicians experiences some level of burnout, accelerating
physician turnover and doubling the risk to patient safety.(1-5) For every hour spentin
direct patient care, physicians spend approximately two hours on electronic health record
(EHR) documentation, including 1-2 hours per day of after-hours work. This time burden not
only reduces face-to-face time with patients but also accelerates physician turnover and
contributes to cognitive strain and diminished job satisfaction.(6) Time pressures often
lead physicians to expedite documentation by copying prior notes, resulting in 'note bloat'
and inaccuracies.(7) To date, this problem remains unresolved.

While interventions such as human scribes and speech recognition software have
alleviated some of this burden, both have limitations of cost, availability, and accuracy. (8-
11) Leveraging recent rapid advancements in large language models (LLMs), multiple
health tech vendors have developed generative artificial intelligence (genAl) -powered
solutions to enhance ambient scribes at a lower cost than human scribes. These

technologies capture physician-patient conversations to create a transcript, then
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summarize the transcript in the form of a clinical note. Early implementations of these
models show promise in reducing documentation burden, enhancing patient satisfaction,
and improving physician engagement (12-17). However, the implementation of ambient Al
scribe technologies raises specific challenges, including variability in performance across
different clinical environments, potential equity implications for safety net providers who
may not be able to afford these technologies, and uncertainty in their cost-
effectiveness.(18) In addition, there are concerns about the use of LLMs use in healthcare,
including the loss of nuanced clinical reasoning and hallucinations in Al-generated notes,
which could inadvertently increase physician documentation time and burnout. These
challenges underscore the importance of rigorous empirical evaluations of ambient Al
scribes.(19)

To our knowledge, no studies have conducted a randomized controlled trial (RCT) of
ambient Al scribe vendors compared with a usual-care control group. Head-to-head
comparison of two ambient Al scribe tools adds to the novelty of this trial. In accordance
with the Standard Protocol Iltems: Recommendations for Interventional Trials—Artificial
Intelligence (SPIRIT-AIl) guidelines, this study aims to evaluate the effect of two separate
ambient Al scribes on reducing physician documentation time, mitigating burnout, and
enhancing productivity.(20) We hypothesize that each tool will be associated with

significant reductions in time-in-note as well as physician burnout rates.

Methods

Study Aims
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The primary aim of this study is to evaluate the impact of two ambient Al scribe
technologies on physician change from baseline time spent on EHR documentation,
comparing each scribe to a control group. Secondary objectives include assessing the
ambient Al scribes' impact on physician metrics such as burnout, physician satisfaction,
perceived harmful consequences, and productivity. Additionally, the study team intends to

perform an economic evaluation analysis of the tools to guide business decision making.

Participants

Eligible participants for this study included ambulatory care physicians across
multiple specialties within the UCLA Health system who held at least one half-day of clinic
per week. Trainee providers (e.g., residents, medical students) and allied healthcare
professionals (e.g., RNs, PAs) were excluded, along with attendings who work exclusively
with trainees and provide no direct patient care. Only English-language encounters are
included due to a lack of internal validation for translation capabilities in the vendor
technologies. Physicians who typically use a human scribe agreed to forego this assistance
while assigned to an intervention or control group. Due to the technical requirements of
one vendor, all providers are required to use an iOS portable device.

Participants were recruited based on specific department leadership suggestions
and non-specific department-wide emails, resulting in 331 provider invitations. Of these,
only 238 met the study criteria. Reasons for exclusion included ineligibility (e.g., did not
meet inclusion criteria; n = 7), refusal to participate (n = 21), status as a key decision-maker

(to prevent potential conflicts of interest in outcome assessment; n = 20), or failure to
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complete the baseline survey (n = 43). Participants who met eligibility requirements and
agreed to participate were required to complete a pre-implementation survey prior to

randomization.

Study Design and Randomization

Eligible physicians (n = 238) were randomized into one of three groups: either of the
two ambient Al scribe technologies (Vendor A or Vendor B) or a control group with no scribe
(Figure 1). Randomization followed a 1:1:1 allocation over a two-month period and analysis
will follow an intention-to-treat approach. Since both vendor tools are being rolled out from
November 4, 2024 to January 3, 2025, secular trends, seasonal variations, and clinic
holiday closures are accounted for by comparing effects of Vendor A and Vendor B with
results from a contemporaneous control group.

Covariate-constrained randomization was conducted by the trial statistician to
balance participants’ baseline geometric mean time in notes per note collected over the

prior year, as well as burnout scores and clinic days per week obtained from survey data.

Intervention and Implementation

The RCT encompasses an 8-week period from November 4, 2024 to January 3, 2025.
Physicians using ambient Al scribe tools will continue their usual clinical documentation
processes, supported by the scribe software, which integrates with the EHR and
automatically adds the generated text to the note. Training for each product was conducted

1-2 weeks prior to the intervention rollout and was standardized in terms of the time
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allotted for each vendor and the format of internally generated support material. This
included tipsheets, a recorded webinar, and two 1-hour-long virtual sessions for each
vendor to demo the software functionality and workflow. Participants were free to
discontinue their assigned intervention at any time. Reasons for discontinuation will be
tracked and documented, and all participants will be analyzed on an intention-to-treat
basis. To ensure participants adhered to the intervention protocols, comprehensive
technical support was provided throughout the study. This included direct post-
implementation support (dedicated communication channels, email listservs, and vendor
contact), and regular check-ins by the UCLA IT team to help resolve any technical issues.
In compliance with California state law, all physicians must inform patients about
the audio recording and obtain their verbal consent. Vendors do not retain any patient data,
and recordings are not stored after transcription, following standard data protection and
privacy protocols. Data from Epic System’s Signal platform were collected starting six
months before the ‘go-live’ date to establish baseline physician characteristics, like time
spent writing a note, and for use in future outcomes analyses. At the end of the 2-month
intervention period, participants will complete a post-implementation survey, which
includes original survey questions and additional items to capture subjective impressions
of each tool. Participant dropout is tracked throughout the study period, with reasons for

discontinuation documented.

Study Outcomes

Primary Outcome
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The primary outcome measure is the change in the time in notes per note in the
second month of the trial from six months prior. The second month of the intervention was
chosen to allow providers to familiarize themselves with the tools and workflow. This

change will be computed on the natural log scale.

Secondary Outcomes

Secondary outcomes include burnout scores from the Mini-Z 2.0, provider task load
adapted from the NASA Task Load Index, Professional Fulfillment Index scores, and the Net
Promoter Index.(21-23) Additional outcomes include self-reported satisfaction with the
documentation method, self-reported effects on note accuracy, patient safety, equity, and
other potential unintended consequences, such as hallucinations, harmful, or poor-quality
transcriptions. The study team is also recording physician-level billing information via RVU
and clinic turnover rate to determine changes in productivity. We will examine change in
additional Signal metrics including pajama time per scheduled day, time outside
scheduled hours per scheduled day, and number of unscheduled days where time is spent

in the system.

Data Collection Methods

The study dataset includes both data already collected via a pre-implementation
survey and post-interventional data comprised of Epic data and a follow-up survey. The
pre-implementation survey, sent to providers in all three arms through Qualtrics one month

prior to implementation, confirmed eligibility and opt-in to the trial. Questions included
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baseline assessment of the Mini-Z 2.0, provider task load, and Professional Fulfillment
index, as well as provider demographic questions. Post-intervention data collected
immediately after implementation will include efficiency metrics provisioned by Epic via its
Signal platform, follow-up survey responses, provider-level professional billing information,
and encounter-level time data. The follow-up survey will also capture physician-reported
effects on note accuracy, patient safety, equity, and other unintended consequences, such
as hallucinations or errors in transcription. No patient health information is collected in
this study. Table 1 outlines each measured outcome, and the corresponding method used

for data collection.

Statistical Analysis

This study protocol follows SPIRIT-Al and CONSORT-AI guidelines for development
and reporting. Descriptive statistics will be used to characterize the demographics and
baseline information of providers in each arm.

The primary analysis will evaluate the impact of each intervention arm (Vendor A
and Vendor B) compared to the control group. Specifically, the two primary comparisons
are (1) Vendor Avs. Control and (2) Vendor B vs. Control. The primary outcome, the change
in second month’s (log-transformed) time in notes per note from the provider’s prior six-
month baseline, will be analyzed using a linear mixed-effects model. This model will
include a study arm effect, a period effect (second vs. first month), and their interaction.
Random physician effects will account for multiple timepoints per provider, and linear

contrasts will evaluate differences between arms at the second month timepoint. We are
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studying the period effect under the assumption that first month represents a learning
phase and may not accurately reflect potential efficiency gains, while second month
reflects proficiency with the tool. A two-sided 0.025 significance level (2-fold Bonferroni
correction) will be used to account for multiple testing in the primary hypothesis tests.

Secondary outcomes will include measures such as burnout scores, task load, and
professional fulfillment. These outcomes will be analyzed using similar statistical
approaches, including comparisons of Vendor A and Vendor B to the control group, as well
as an exploration of the relative impacts of Vendor A and Vendor B.

Our economic evaluations will entail a cost consequence analysis and a budget
impact analysis.(24, 25) The cost-consequence analysis will separately present costs and
outcomes associated with each intervention arm compared to the control arm. This
analysis will show incremental costs as well as incremental benefits of each ambient Al
scribe tool compared to the control group. The budget impact analysis will estimate the
financial impact, from the perspective of the health system, of varying levels of
implementation of each ambient Al scribe tool and project any potential gains in revenues
through improvement in physician productivity and documentation efficiency.(24)

We will perform pre-specified secondary subgroup analyses to investigate
heterogeneous treatment effects by introducing interactions between primary model terms
and potential effect modifiers. Specifically, these analyses will evaluate whether weekly
clinic days, provider sex, and the proportion of visits from new vs. established patients
moderate the intervention effects. These analyses will be conducted to meet out

hypothesized differences in effects due to higher baseline burnout rates in women, an



246  anticipated bigger dose response in physicians with more visits per week, and higher

247  utilization for new patients where previous note text cannot be copied forward.

248

249  Sample Size

250 The sample size for this study is constrained by exclusion criteria and a contractual
251 limitation allowing at most 100 concurrent users of any given tool. A sample size of at least
252 79 providers per condition will provide 80% power to detect effect sizes as small as 0.50
253 standard deviations, assuming a two-sample t-test and a two-sided 0.025 significance
254  level. This is a conservative simplification of the planned linear mixed-effects regression
255 analysis.

256 Using pre-study data from a comparable timeframe, the estimated log-scale

257  standard deviation of change for the time in notes per note metric is approximately 0.31.
258 This design will be powered to detect a 15.5% relative improvement in the primary

259 outcome. Given a baseline-year geometric mean time in notes per note of approximately
260 4m 43s, this corresponds to an absolute difference of roughly 44 seconds. This effect size
261 falls within the range of those seen in the literature(17).

262

263 Discussion

264 Our study aims to evaluate the impact of ambient Al scribes on EHR utilization,
265 physician burnout, and billing capture in the ambulatory setting through a three-arm RCT

266  over a 2-month period. The study is the largest RCT of ambient Al scribes to date and first to
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include multiple vendors arms and a control arm. Results from this study will quantify how
ambient Al scribes improve EHR documentation efficiency, affect burnout, and change
physician engagement within a short intervention period. Additionally, this study evaluates
physician-reported effects on note accuracy, patient safety, equity, and other unintended
consequences, such as hallucinations or errors in text generation, addressing recognized
limitations of LLM-based technologies.(26, 27) Similarly, understanding the economic
impact of these tools, including costs related to physician adaptation and workflow

changes, is essential to determine their value in real-world implementation.(18)

There are several limitations to this study. The relatively short duration of the
intervention may not adequately capture the long-term effects of ambient Al scribes.
Participants may require additional time to adapt to the ambient scribe technology,
potentially delaying full proficiency. Since clinic schedules range from half-day to full-day
sessions, the time needed for integration is likely to vary across participants. To address
this variability, randomization was stratified by clinic schedules to ensure balanced
adaptation periods among groups. Another potential limitation is that participation was
voluntary, introducing the possibility of selection bias, as the findings may not fully
generalize to all physicians. Furthermore, this study was conducted within a single
academic health system using a specific EHR platform, which may limit the applicability of
the results to other healthcare settings or systems.

This protocol does not evaluate the impact of ambient Al scribes on patient
experience, satisfaction, or trust. While early studies suggest generally positive patient

experiences with ambient Al scribes, existing studies have been limited by insufficient
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power to draw definitive conclusions.(14, 15) Future research should explore not only
patient satisfaction but also trust and perceptions of Al use in clinical settings, as these
factors are crucial to widespread adoption. Looking ahead, we do hope to answer some if
not all these questions in a larger roll out of the ambient Al scribe across the entire UCLA
Health System.

This study may be subject to several potential biases. First, as participants will not
be blinded to their assignment. The reliance on self-reported surveys for key secondary
outcomes, such as physician satisfaction and burnout, introduces subjectivity that may
not fully reflect the impact of the scribe tools. This is similar to previously published study
by Owens et al., where patient perceptions varied based on their awareness of ambient
scribe technology.(15) Lastly, encounters in languages other than English are excluded
from the study, which limits the generalizability of our findings.

To our knowledge, this is the first RCT comparing two ambient Al scribe vendors.
These findings will provide insights into their impact on efficiency, productivity and

physician well-being in ambulatory care settings.

Trial Status

This study was reviewed by the UCLA Institutional Review Board (IRB-24-5425). Due
to the complexity of vendor contract negotiations and the operational nature of the
initiative, the timeline for finalizing agreements and starting the trial necessitated rapid
implementation. The primary purpose of the initiative was to improve operations at the

University of California, Los Angeles (UCLA) Health. Randomization was employed to
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address secular trends, seasonal and holiday effects in December, and other factors
confounding the relationship between exposure to the Al tools and the outcomes.
Recognizing the value of rigorously studying the intervention’s impact, the UCLA team
opted to register the initiative despite its operational origin. As this initiative was
operational rather than research-driven, it was essential to execute it within a compressed
timeframe.

Recruitment for this study began on October 1, 2024, the trial intervention period
commenced on November 4, 2024, and the trial period concluded on January 3, 2025. Due
to the expedited timeline, the trial was completed before receiving registration approval,
which was subsequently granted on ClinicalTrials.gov under the identifier NCT06792890,

version 1.0, dated January 27, 2025 (https://clinicaltrials.gov/study/NCT06792890).
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(N=331)
Enrollment Surlvey
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Providers excluded
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Follow-up and Analysis:
Monitor drop out counts: discontinued intervention, insufficient data available

Figure 1 - CONSORT-AI flow diagram illustrating the recruitment, randomization, and

allocation of study participants. A total of 331 providers expressed interest, of which 93

were excluded due to ineligibility, declining participation, incomplete surveys, or decision-

making roles. The remaining 238 participants were randomized into three arms: Vendor A (n

= 80), Vendor B (n =79), and Control (n = 79). The study spans a two-month intervention

period, with follow-up and analysis monitoring dropout counts due to discontinued

intervention or insufficient data availability
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Study Period Enrollment | Allocation Study Period

Timepoint -1 month - month 2months
Nov 4, 2024 -

Oct 2024 Nov 4, 2024 Jan 3, 2025

Enrollment

Eligibility Screen X

Informed Consent X

Randomization X

Interventions

VendorAorB X

Control (Arm C)
Provider-based Assessments?®

Time in Notes per note (primary)? X X
Pajama time X
After-hours (7 PM-7 AM) X
Mini-Z 2.0 Burnout Score X X
Professional Fulfillment Index X X
NASA Task Load X X
Physician Satisfaction X X
Net Promoter Score X
Appointment Turnover Time X
Relative-Value Units (RVU) per clinic X

® Change from baseline

Tt The primary outcome for 'Time in Notes per Note' is the second month (Dec 3, 2024 - Jan
3, 2025), though data from the entire study period are analyzed to evaluate period effects.
Table 1 - SPIRIT-Al Schedule of enrollment, interventions, and assessments outlining
key study activities, including eligibility screening, consent, randomization, interventions,
and outcome assessments. Primary and secondary measures, such as time in notes per
note, burnout scores, task load, and productivity metrics, are collected at specified

intervals during the enrollment, allocation, and study periods (October-December 2024)
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