
Original Investigation | Health Informatics

Use of an AI Scribe and Electronic Health Record Efficiency
Kevin Pearlman, MD, MS; Wen Wan, PhD; Sachin Shah, MD; Neda Laiteerapong, MD, MS

Abstract

IMPORTANCE Time spent interacting with electronic health records (EHRs) is strongly associated
with clinician burnout. Artificial intelligence (AI) scribes may offer a promising solution to
EHR-related burnout. However, previous studies on their effectiveness are limited by selection bias.

OBJECTIVE To evaluate the association of an AI scribe with EHR efficiency using a pre-post analysis
among AI scribe users and a comparison of AI scribe users with a covariate-balanced control group
of nonusers.

DESIGN, SETTING, AND PARTICIPANTS This retrospective cohort study included ambulatory
clinicians at an academic health system during a 3-month pilot period (July 1 to September 30, 2024).

EXPOSURE Use of an AI scribe.

MAIN OUTCOMES AND MEASURES Primary outcomes were time spent in the EHR, time spent in
notes, and after-hours time spent documenting (“pajama time”) (all per appointment). Secondary
outcomes were time to close encounters, appointment length, and monthly appointment volume.
Two analyses were conducted: a within-individual pre-post comparison of AI scribe users (n = 125)
and nonusers (n = 478), and a between-group comparison of AI scribe users and nonusers using
propensity score overlap weighting to balance covariates.

RESULTS A total of 125 AI scribe users (83 women [66.4%]; 69 [55.2%] with >10 years in practice;
46 [36.8%] in a medical subspecialty, 45 [36.0%] in surgery, and 34 [27.2%] in primary care) and 478
covariate-balanced AI scribe nonusers (267 women [55.9%]; 248 [51.9%] with >10 years in practice;
233 [48.7%] in a medical subspecialty, 155 [32.4%] in surgery, and 90 [18.8%] in primary care) were
included. In the pre-post analysis, AI scribe users experienced significant reductions in median time in
the EHR per appointment (baseline: median, 22.2 minutes [IQR, 12.1-37.0 minutes]; intervention
period: median, 20.2 minutes [IQR, 11.5-31.4 minutes]; difference, −2.0 minutes; P < .001), time in
notes per appointment (baseline: median, 7.5 minutes [IQR, 4.3-13.4 minutes]; intervention period:
median, 7.0 minutes [IQR, 3.6-10.8 minutes]; difference, −0.5 minutes; P < .001), and time to close
encounters (baseline: median, 24.4 hours [IQR, 7.7-94.0 hours]; intervention period: median, 17.3
hours [IQR, 5.4-57.0 hours]; difference, −7.1 hours; P < .001), with no significant differences in after-
hours time spent documenting, appointment length, or appointment volume. In the weighted
generalized linear regression, AI scribe use was associated with an 8.5% (95% CI, −12.8% to −3.9%;
P < .001) lower mean EHR time (ie, 2.4 minutes) and a 15.9% (95% CI −21.2% to −10.4%; P < .001)
lower mean time in notes (ie, 1.8 minutes) with no significant differences in other outcomes.

CONCLUSIONS AND RELEVANCE In this retrospective cohort study, clinicians using an AI scribe
spent significantly less time in the EHR and in notes in both pre-post and propensity score analyses.
These findings suggest that AI scribes may improve documentation efficiency and reduce clinician
workload.
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Key Points
Question Is an ambulatory clinician’s

use of an artificial intelligence (AI) scribe

associated with improved efficiency in

the electronic health record (EHR) when

compared with covariate-balanced

controls?

Findings In this cohort study including

125 AI scribe users and 478 covariate-

balanced nonusers, clinicians who used

an AI scribe had reductions in time spent

in the EHR system and time in notes (per

appointment) compared with the

control group. No changes were

identified in after-hours time spent

documenting per appointment, mean

time to close encounter, mean

appointment length, or monthly

number of completed office visits.

Meaning These findings suggest that AI

scribes are associated with reductions

in the amount of time clinicians spend

documenting and writing notes in

the EHR.
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Introduction

Electronic health record (EHR) documentation burden is a major source of clinician burnout in the
US.1,2 Clinician burnout has been associated with higher turnover and lower quality of care.3 To
alleviate EHR-related documentation burden, many health systems have historically turned to
human scribes. Existing studies have shown that human scribes can positively affect efficiency
metrics, including after-hours documentation (“pajama time”) and time spent on notes.4-9 However,
the scalability of scribes is limited by training and personnel costs.10

Artificial intelligence (AI)–enabled scribes may offer a more scalable approach to alleviating
clinical documentation burden. AI scribes use natural language processing to convert spoken
interactions during clinical encounters into structured Subjective, Objective, Assessment, and Plan
(SOAP) notes. Some observational studies suggest that AI scribes may reduce documentation time,
while others have yielded more neutral results.11-16

A key limitation to most of these studies is their reliance on pre-post designs that lack control
groups, which introduces potential selection bias. Clinicians who decide to use AI scribes may differ
fundamentally from those who do not, as early adopters of new innovations tend to exhibit distinct
characteristics.17 The few AI scribe studies that did include control groups did not completely address
selection bias and had mixed results.11,12

To address this gap in the AI scribe literature, we conducted a retrospective cohort study using
2 complementary approaches: a pre-post analysis of both AI scribe users and nonusers to enable
comparison with prior studies and a propensity score analysis comparing users and nonusers of the
AI scribe to account for potential selection bias.

Methods

Setting
This study was conducted in the ambulatory setting at the University of Chicago Medical Center from
July 1 to September 30, 2024. The University of Chicago Medical Center is an academic health system
with roughly 1.3 million outpatient encounters annually. The study was determined to be quality
improvement research by the University of Chicago Medical Center and was exempt from the need
for institutional review board–mandated consent. Reporting adhered to the Strengthening the
Reporting of Observational Studies in Epidemiology (STROBE) reporting guideline for
cohort studies.

AI Scribe Implementation
In July 2024, the University of Chicago deployed an AI scribe developed by Abridge AI Inc. The tool
was offered to clinicians as a 3-month pilot. After obtaining patient informed consent, clinicians used
their personal devices to audio record appointments with an Abridge AI–developed mobile
application. After the visit, clinicians could review the AI-generated note for editing and transfer into
the EHR. All University of Chicago ambulatory attending physicians and advanced practice
professionals (APPs) were eligible to participate in the AI scribe pilot. The program was advertised via
email and at department meetings. Participation was voluntary. Volunteers were required to
complete a live 1-hour virtual training session led by Abridge AI technical support.

Participants
For the analysis, clinicians were required to have complete baseline data for the variables used in the
propensity score. Most missing data were associated with the absence of metrics for after-hours time
spent documenting, which are not calculated for clinicians averaging 5 or fewer appointments per
week. In addition, telehealth visits could not be used to calculate appointment length because of
variable online check-in times; this limitation excluded a small number of clinicians. Finally, clinicians
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who enrolled in the AI scribe pilot but never used the software were excluded (see eFigure 1 in
Supplement 1 for a flow diagram detailing clinician selection).

Variables and Data Sources
The main outcomes were mean time in the EHR per appointment, mean time in notes per
appointment, and mean after-hours time spent documenting per appointment (ie, time in EHR from
5:30 PM to 7 AM on weekdays, weekends, and holidays). Other outcomes included mean time to close
encounter, mean appointment length, and mean monthly appointment volume. Electronic health
record use data were extracted from Epic’s Signal database for the 3-month pre-pilot baseline period
(April 1 to June 30, 2024) and the 3-month pilot period (July 1 to September 30, 2024). Clinician
location (hospital based vs offsite), type (physician vs APP), and specialty category (primary care,
medical subspecialty, and surgical or procedural) were also extracted from Signal. Signal was also
used to query each clinician’s Epic proficiency score, a proxy of EHR efficiency that evaluates the
clinician’s use of certain functionalities (eg, EHR search, preference list use). Clinician sex and number
of years since completing training were provided by the Medical Staff Office. Data regarding
appointment length, time to close encounter, and appointment volume were provided by our
institution’s Center for Research Informatics.

Study Design
This study used 2 complementary designs. First, a pre-post study compared the outcomes for
clinicians who did use the AI scribe with the outcomes for clinicians who did not use the AI scribe.
Second, a propensity score–weighted analysis compared AI scribe users with nonusers during the
pilot period.

Statistical Analysis
For the pre-post analysis, we used Wilcoxon signed rank tests to assess changes for both pilot and
control clinicians. We then evaluated primary outcomes across quartiles of AI scribe use.

For the propensity score analysis, we anticipated baseline imbalances between the pilot and
control groups. Given the AI tool’s availability to all clinicians, we estimated the mean treatment
effect among the entire population. To minimize the degree of model dependence in the statistical
estimation of causal effects, we applied the overlap weighting method to balance baseline
characteristics.18,19 The overlap weighting method mimics a randomized study by assigning weights
to generate a target population that overlaps between groups. To assign these weights, propensity
scores were estimated using logistic regression, representing the estimated probability of being an AI
scribe user based on all given covariates. Each participant in the intervention group was assigned a
weight equal to the probability of not receiving the treatment (ie, 1 − propensity score), while each
participant in the control group received a weight equal to the probability of receiving the treatment
(propensity score). As a result, individuals with overlapping propensity scores between the groups
received a higher weight, while those in the nonoverlapping tails of the propensity score distribution
received lower weights.

Before conducting a logistic regression for propensity score estimation, we checked for
multicollinearity between baseline characteristics using Spearman correlation coefficients and
variance inflation factors. For characteristics with high correlation (>0.9) and variance inflation factor
(>5), only 1 variable was included. As such, time in the EHR per appointment was excluded due to its
high correlation and variance inflation factor with time in notes per appointment.

Covariates used for overlap weighting included clinician sex, practice location, clinician type
(physician vs APP), specialty, years in practice, and several preintervention workflow metrics: Epic
proficiency score, time in notes per appointment, after-hours time spent documenting per
appointment, mean time to close encounter, mean appointment length, and mean monthly
completed appointments. Covariate balance was assessed using standardized mean differences.
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After assigning weights to each participant, we used a weighted generalized linear model with a
gamma distribution and log-link function to evaluate the intervention effect while adjusting for
baseline characteristics and potential confounders. The gamma distribution was used because of the
right-skewed distribution of the outcome variables. Given known disparities in EHR burden by sex
and specialty, we also performed exploratory subgroup analyses stratified by sex, years in practice,
specialty, clinician type (physician vs APP), and practice location (hospital based vs offsite).20-22

RStudio, version 2024.12.0 + 467 (R Project for Statistical Computing), was used for all
statistical analysis. This research used ChatGPT 4.o (OpenAI) for assistance with coding, visual
optimization of graphs, and refinement of manuscript text. All P values were from 2-sided tests and
results were deemed statistically significant at P < .05.

Results

A total of 603 clinicians were included in the final study cohort, comprising 125 AI scribe pilot
participants (83 women [66.4%] and 42 men [33.6%]; 69 [55.2%] with >10 years in practice; 46
[36.8%] in a medical subspecialty, 45 [36.0%] in surgery, and 34 [27.2%] in primary care) and 478
control clinicians (267 women [55.9%] and 211 men [44.1%]; 248 [51.9%] with >10 years in practice;
233 [48.7%] in a medical subspecialty, 155 [32.4%] in surgery, and 90 [18.8%] in primary care)
(Table 1). Pilot clinicians were predominantly physicians (117 of 125 [93.6%]) and worked largely in
hospital-based clinics (81 of 125 [64.8%]). Preweighting differences between the pilot and control

Table 1. Baseline Characteristics of Pilot and Control Groups (April-June 2024)a

Characteristic

Unweighted Weighted

Pilot group
(n = 125)

Control group
(n = 478) Difference

Pilot group
(n = 125)

Control group
(n = 478) Difference

Sex, No. (%)

Female 83 (66.4) 267 (55.9) 0.11 75.2 (62.8) 210.1 (62.8) 0.0

Male 42 (33.6) 211 (44.1) −0.11 44.6 (37.2) 124.5 (37.2) 0.0

Years since completing training, No. (%)

≤10 56 (44.8) 230 (48.1) −0.03 55.4 (46.2) 154.7 (46.2) 0.0

11-20 40 (32.0) 115 (24.1) 0.08 34.6 (28.9) 96.7 (28.9) 0.0

>20 29 (23.2) 133 (27.8) −0.05 29.8 (24.9) 83.1 (24.9) 0.0

Hospital-based clinic, No. (%)

No 44 (35.2) 162 (33.9) 0.01 42.4 (35.4) 118.3 (35.4) 0.0

Yes 81 (64.8) 316 (66.1) −0.01 77.4 (64.6) 216.3 (64.6) 0.0

Clinician type, No. (%)

Advanced practice professional 8 (6.4) 108 (22.6) −0.16 9.9 (8.3) 27.7 (8.3) 0.0

Physician 117 (93.6) 37 (77.4) 0.16 109.8 (91.7) 306.9 (91.7) 0.0

Specialty category, No. (%)

Primary care 34 (27.2) 90 (18.8) 0.08 30.1 (25.1) 84.1 (25.1) 0.0

Medical subspecialty 46 (36.8) 233 (48.7) −0.12 48.1 (40.2) 134.5 (40.2) 0.0

Surgical or procedural 45 (36.0) 155 (32.4) 0.04 41.6 (34.7) 116.1 (34.7) 0.0

EPIC Proficiency score, mean (SD) 4.8 (2.2) 3.7 (2.1) 0.50 4.5 (2.1) 4.5 (2.2) 0.0

Time in notes per appointment,
mean (SD), min

11.2 (12.9) 12.2 (11.7) −0.09 11.0 (10.5) 11.0 (11.7) 0.0

After-hours time spent documenting per
appointment, mean (SD), min

5.3 (9.7) 4.7 (6.0) 0.07 4.9 (5.9) 4.9 (8.4) 0.0

Time to close encounter, mean (SD), h 85.9 (191.2) 61.6 (147.8) 0.13 77.4 (193.9) 77.4 (168.0) 0.0

Appointment length, mean (SD), h 1.5 (0.7) 1.5 (0.9) 0.03 1.5 (0.8) 1.5 (0.7) 0.0

No. of monthly completed appointments,
mean (SD)

105.3 (86.3) 96.4 (78.5) 0.11 105.1 (83.2) 105.1 (84.9) 0.0

a Unweighted and weighted comparisons are shown for sex, training, specialty
category, user type, and key outcome variables. Differences represent standardized

mean differences for categorical and continuous variables. After weighting, all
standardized mean differences were less than 0.01.
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groups were largest for clinician sex, clinician type, Epic proficiency score, time to close encounters,
and monthly appointment volume. After balancing, all standardized mean differences were less than
0.1, indicating an adequate balance (Table 1). Propensity score distributions before and after
weighting are shown in eFigure 2 in Supplement 1.

During the pilot period, the AI scribe was used in 48.3% of total encounters (19 486 of 40 350)
by the 125 participating clinicians. Use of the AI scribe varied substantially across individuals, with
clinicians using the scribe in a median of 41.6% (IQR, 18.2%-80.3%) of their encounters.

Pre-Post Analysis
Compared with the 3-month preperiod, both control and pilot clinicians had a lower median time in
EHR per appointment (control baseline: median, 24.2 minutes [IQR, 14.6-37.4 minutes]; intervention
period: median, 23.8 minutes [IQR, 13.7-36.0 minutes]; difference, –0.4 minutes; P = .001; pilot
baseline: median, 22.2 minutes [IQR, 12.1-37.0 minutes]; intervention period: median, 20.2 minutes
[IQR, 11.5-31.4 minutes]; difference, −2.0 minutes; P < .001). Compared with the 3-month preperiod,
both control and pilot clinicians had a lower median time in notes per appointment (control baseline:
median, 9.2 minutes [IQR, 4.8-16.3 minutes]; intervention period: median, 9.0 minutes [IQR, 4.5-14.7
minutes]; difference, –0.2 minutes; P < .001; pilot baseline: median, 7.5 minutes [IQR, 4.3-13.4
minutes]; intervention period: median, 7.0 minutes [IQR, 3.6-10.8 minutes]; difference, −0.5
minutes; P < .001) (Table 2). Control clinicians had a small increase in time to close encounters
(baseline: median, 16.9 hours [IQR, 4.9-58.3 hours]; intervention period: median, 17.7 hours [IQR,
4.7-51.0 hours]; difference, 0.8 hours; P < .001), and pilot clinicians had a large decrease in time to
close encounter (baseline: median, 24.4 hours [IQR, 7.7-94.0 hours]; intervention period: median,
17.3 hours [IQR, 5.4-57.0 hours]; difference, −7.1 hours; P < .001). No differences were observed in
after-hours time spent documenting per appointment, appointment length, or monthly
appointment volume.

In the quartile analysis of the frequency of AI scribe use, more frequent use was associated with
greater reductions in total EHR time and time in notes per appointment (Figure 1). Among clinicians
in the top quartile of AI scribe use (Q4: >80% appointments using the AI scribe), there were
significant within-group reductions in both time in EHR per appointment (baseline: median, 29.0
minutes [IQR, 15.0-38.8 minutes]; intervention period: median, 23.1 minutes [IQR, 16.8-40.8
minutes]; difference, −5.9 minutes; P < .001) and time in notes per appointment (baseline: median,
10.5 minutes [IQR, 5.8-14.8 minutes]; intervention period: median, 6.8 minutes [IQR, 4.5-10.9
minutes]; difference, −3.7 minutes; P < .001). The next highest quartile (Q3: 42%-80% of
appointments using the AI scribe) demonstrated statistically significant reductions of lower
magnitude for time in EHR per appointment (baseline: median, 24.7 minutes [IQR, 17.3-29.9
minutes]; intervention period: median, 20.8 minutes [IQR, 14.2-31.4 minutes]; difference, −3.9
minutes; P = .007) and time in notes per appointment (baseline: median, 7.8 minutes [IQR, 6.2-15.3
minutes]; intervention period: median, 7.4 minutes [IQR, 5.3-10.3 minutes]; difference, −0.5 minutes;
P < .001, respectively). Quartile 2 (18%-42% of appointments using the AI scribe) demonstrated a
small reduction in time in notes per appointment only (baseline: median, 7.8 minutes [IQR, 3.7-14.4
minutes]; intervention period: median, 7.7 minutes [IQR, 2.9-10.9 minutes]; difference, −0.1 minutes;
P = .005). Quartile 1 (<18% of appointments using the AI scribe) did not have changes in these
outcomes.

EHR Efficiency Outcomes for Pilot vs Control Group
In the weighted generalized linear regression model, AI scribe use was associated with an 8.5% (95%
CI, –12.8% to –3.9%; P < .001) reduction in time in EHR (ie, 2.4 minutes) and a 15.9% (95% CI, –21.2%
to –10.4%; P < .001) reduction in time in notes per appointment (ie, 1.8 minutes) for pilot clinicians
compared with controls (Figure 2). After-hours time spent documenting per appointment, mean
time to close encounter, mean appointment length, and monthly appointment volume did not differ
between the pilot and control groups.
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EHR Efficiency Outcomes Stratified by Clinician Sex, Years in Practice,
Specialty Category, Location, and Clinician Type
Subgroup analyses revealed differential outcomes for AI scribe use across certain clinician
characteristics. Female clinicians experienced a 9.8% reduction in in EHR time per appointment
(95% CI, –15.3% to –3.9%; P = .002) and an 18.4% reduction in time in notes per appointment (95%
CI, –24.6% to –11.6%; P < .001), whereas male clinicians did not (Table 3). Clinicians with 11 to 20
years in practice had reductions in both EHR time (−15.0%; 95% CI, –23.4% to –5.7%; P = .003) and
note time (−23.4%; 95% CI, –33.2% to –12.2%; P < .001), while clinicians in practice for greater than
20 years experienced an improvement only in EHR time (−7.3%; 95% CI, −13.4% to −0.7%; P = .03).
Clinicians with 10 or fewer years in practice demonstrated no changes. Hospital-based clinicians had
significant reductions in EHR time (–11.7%; 95% CI, –16.9% to –6.1%; P < .001) and time in notes
(–21.7%; 95% CI, –27.8% to –15.1%; P < .001), while offsite clinicians did not demonstrate any
changes. Primary care clinicians had a 9.7% reduction in EHR time (95% CI, −16.2% to −2.6%;
P = .009) and a 15.8% reduction in note time (95% CI, −22.9% to −8.0%; P < .001). Medical
subspecialists showed similar reductions: a 12.5% reduction in EHR time (95% CI, −18.5% to −6.0%;
P < .001) and 18.4% less note time (95% CI, −25.2% to −11.0%; P < .001). Surgical or procedural
clinicians had no significant changes. Electronic health record time improvements were present for
both APPs (–14.1%; 95% CI, –21.6% to –5.9%; P = .002) and physicians (–7.2%; 95% CI, –11.9% to

Figure 1. Pre–Artificial Intelligence (AI) vs Post-AI Scribe Primary Outcomes for Pilot Clinicians Stratified by Use Quartile (Q) vs Control Group
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Median change in total electronic health record (EHR) time, time in notes, and after-
hours time spent documenting per appointment stratified by AI scribe use quartile. Each
bar represents the difference between preimplementation and postimplementation
median values. Quartiles reflect increasing scribe use (Q1 = lowest, Q4 = highest). The
control group is included for reference. Comparisons were performed using the Wilcoxon

signed rank test. Numbers of clinicians vary slightly for each outcome, as outcome data
were incomplete for some clinicians, primarily due to missing data on after-hours time
spent documenting. This missingness largely reflected clinicians with low clinical volume
during 1 or more pilot months (eg, <5 appointments/week), for whom our institution’s
EHR vendor does not report after-hours time spent documenting.

Figure 2. Artificial Intelligence (AI) Scribe Users vs Control Group by Outcome, July-September 2024
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–2.3%; P = .004). For after-hours time spent documenting, only APPs (–24.7%; 95% CI, –42.9% to
–0.7%; P = .047) and clinicians practicing at a hospital-based clinic (–15.9%; 95% CI, –28.4% to –1.1%;
P = .04) had significant reductions.

Discussion

In this cohort study, we compared clinicians who participated in a 3-month AI scribe pilot with a
control group of nonparticipating clinicians using both pre-post and propensity score analyses. In the
propensity score analysis, we identified reductions in total EHR time and time in notes per
appointment for the pilot group compared with controls. These findings were generally consistent
with the pre-post analysis, which varied based on the frequency of AI scribe use.

Similar to findings regarding human scribes, our study found that the use of an AI scribe was
associated with improvements in EHR efficiency.4-9,23-25 Unlike human scribes, however, AI scribes
require no training and are not subject to turnover, both of which can carry financial and operational
implications.10 As a more scalable alternative, AI scribes may help address longstanding
EHR-associated burnout.14-16

Although our study did not demonstrate a reduction in after-hours EHR use or the time to close
clinical encounters in the propensity score analysis, the observed decreases in total EHR time and
time spent in notes suggest that clinicians were able to reallocate time during clinic hours to
nondocumentation-related activities. Although a median reduction of 2.4 minutes in EHR time per
appointment may appear modest in isolation, its clinical implications are meaningful when scaled
across a typical clinic schedule. If a clinician sees 20 patients over the course of the day, the potential
time savings amounts to 48 minutes—close to an hour that could be redirected toward direct patient
care, engagement with clinical decision support tools, trainee education, or administrative tasks.
This potential benefit may even exceed EHR time savings recently reported in a Stanford study,

Table 3. Stratified Associations of Artificial Intelligence Scribe Use With EHR Time Outcomesa

Subgroup

Time per appointment

In EHR In notes After-hours time spent documenting

Change in mean % (95% CI) P value Change in mean % (95% CI) P value Change in mean % (95% CI) P value
Sex

Female −9.8 (−15.3 to −3.9) .002 −18.4 (−24.6 to −11.6) <.001 −10.3 (−25.4 to 7.9) .25

Male −5.1 (−11.2 to 1.4) .12 −8.2 (−16.3 to 0.8) .07 5.7 (−11.7 to 26.6) .54

Years since completing
training

≤10 −3.1 (−8.9 to 3.1) .31 −11.1 (−17.9 to −3.8) <.001 −5.2 (−19.9 to 12.2) .54

11 to 20 −15.0 (−23.4 to −5.7) .003 −23.4 (−33.2 to −12.2) <.001 −4.1 (−22.5 to 18.7) .70

>20 −7.3 (−13.4 to −0.7) .03 −9.1 (−18.2 to 1.1) .08 8.4 (−13.6 to 36.0) .47

Hospital-based clinic

No −2.4 (−9.5 to 5.4) .54 −5.8 (−14.8 to 4.1) .24 17.5 (−1.7 to 40.5) .08

Yes −11.7 (−16.9 to −6.1) <.001 −21.7 (−27.8 to −15.1) <.001 −15.9 (−28.4 to −1.1) .04

Clinician type

Advanced practice
professional

−14.1 (−21.6 to −5.9) .002 −16.9 (−25.0 to −7.8) <.001 −24.7 (−42.9 to −0.7) .05

Physician −7.2 (−11.9 to −2.3) .004 −15.5 (−21.1 to −9.5) <.001 −4.7 (−17.7 to 10.5) .53

Specialty category

Primary care −9.7 (−16.2 to −2.6) .009 −15.8 (−22.9 to −8.0) <.001 −12.4 (−29.4 to 8.6) .23

Medical subspecialty −12.5 (−18.5 to −6.0) <.001 −18.4 (−25.2 to −11.0) <.001 −4.9 (−21.1 to 14.6) .60

Surgical or procedural −2.5 (−10.5 to 6.3) .57 −10.0 (−20.1 to 1.4) .08 16.2 (−3.3 to 39.7) .11

Abbreviation: EHR, electronic health record.
a Each subgroup analysis compares pilot clinicians with control clinicians with the same characteristic (eg, male pilot clinicians vs male controls) using overlap weighting. Percentage

change in mean values and 95% CIs were derived from generalized linear models with a log link and gamma distribution. A separate model was fit for each subgroup. All models
were adjusted for baseline (preperiod) values of the outcome and the other covariates used in the weighting model.
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which demonstrated a 20-minute reduction in daily EHR time for clinicians using an AI scribe.15 Such
efficiency gains may ultimately alleviate cognitive burden, as suggested in recent
qualitative studies.13,26

Although encounter closure time decreased significantly in the pre-post analysis among AI
scribe users (median reduction of 7.1 hours), this outcome was not statistically significant in the
propensity score analysis. However, the propensity score analysis still favored the AI scribe group,
suggesting a potential benefit that did not reach statistical significance due to limited power and high
variability.

Our results suggest that female clinicians were more likely than their male counterparts to
experience EHR efficiency gains with an AI scribe. This difference may be partially explained by
female clinicians spending more time than male clinicians documenting at baseline.21,22 Furthermore,
medical subspecialists and primary care clinicians experienced EHR efficiency gains while surgical
specialists did not, which aligns with prior research on human scribes.7 Overall, the lack of
improvement in certain subgroups may reflect a floor effect, whereby AI scribes offer limited benefit
to clinicians who already spend minimal time documenting.

Limitations
Our study has several limitations. Although we used propensity score overlap weighting to mitigate
selection bias, some residual bias may remain. For example, participants may exhibit an “early
adopter” phenotype, making them more inclined to embrace new technologies—a characteristic that
may not have been captured by the available covariates. Another limitation is the imprecise
measurement of EHR use. These measures do not differentiate between active computer
engagement and periods when the EHR is open but not directly engaged with, such as during face-
to-face patient encounters. They also cannot distinguish between ambulatory and nonambulatory
EHR use (eg, inpatient consultation time). These other activities may lead to an underestimation of
the EHR time reductions for outpatient ambulatory encounters. Our study also lacked patient-level
data such as medical complexity and social determinants of health, which could affect
documentation burden; thus, residual confounding from unmeasured patient differences remains a
limitation. In addition, clinicians at our institution have long had access to a speech-to-text dictation
tool (Dragon), and use of this technology was neither measured nor restricted during the study.
Although we cannot rule out the use of speech-to-text tools as a potential confounder, they are
unlikely to explain the observed reductions in EHR time—this technology has been available for years,
and no changes in its promotion occurred during the study period. In addition, generalizability is
limited to English-spoken encounters, as the AI scribe did not support non-English encounters.
Furthermore, while AI scribes show promise in improving documentation efficiency, several studies
have highlighted risks such as decreased note accuracy and increased note length.13,26,27 Measures
to identify and correct these shortcomings can and should be pursued by vendors, clinicians, and
health systems alike. Finally, AI’s application in health care is still in its early stages. As this technology
continues to evolve, it will likely acquire additional functionalities that will affect clinician efficiency
such as EHR summarization, order entry, visit diagnosis assignment, and clinical decision support.

Conclusions

In this cohort study of clinicians using an AI scribe, significant reductions in total EHR time and time
in notes were evident in both pre-post and propensity score analyses. Encounter closure time
significantly improved in pre-post analyses among AI scribe users but did not differ significantly when
compared with controls in the propensity score analysis. The greatest efficiency gains were observed
among female clinicians, primary care clinicians, and medical subspecialists. No changes were
identified in after-hours time spent documenting, appointment length, or appointment volume.
These findings suggest that AI scribes may improve documentation efficiency and reduce clinician
workload.
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