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Abstract

Background: Clinical documentation burden is a major contributor to burnout 

in surgery. Artificial intelligence (AI) tools, such as automatic speech recognition 

(ASR) and large language models (LLMs), may streamline documentation without sac-

rificing quality.

Objective: We systematically reviewed the performance of ASR- and LLM-based docu-

mentation tools in surgical settings.

Methods: Following the Preferred Reporting Items for Systematic Reviews and Me-

ta-analyses, MEDLINE, Embase, CENTRAL, and Scopus (January 2015–October 2025) 

were searched for studies evaluating AI-enabled documentation (e.g., ambient scribes, 

advanced ASR, LLM-assisted drafting) in surgical care. Dual reviewers screened, ex-

tracted, and assessed risk of bias using the Risk of Bias in Non-randomized Studies of 

Exposures tool. Heterogeneity of included studies precluded meta-analysis, and results 

are presented narratively.

Results: Seven studies published between 2023 and 2025 across otolaryngology, neuro-

surgery, plastic surgery, and urology were included. Tools such as LLM-assisted operative 

reports, ambient clinic scribes, and ASR dictation were employed. Findings revealed that 

AI scribes improved documentation efficiency (5.16 min vs. 10.58 min) and reduced 

documentation time (5–50 s vs. 7.1–7.4 min), with hybrid clinician-in-the-loop work-

flows achieving the best balance of speed and quality. AI scribe notes were non-inferi-
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INTRODUCTION

Clinical and administrative documen-
tation is a leading contributor to clinician 
burden and burnout in surgical prac-
tice.1,2 Surgical workflows span multiple 
environments (e.g., clinic, ward, and the-
atre), including high-stakes, time-critical 
records (e.g., operative reports). Errors 
or omissions can have immediate down-
stream consequences for perioperative 
decision-making and patient safety. This 
requires rapid, accurate documentation 
of complex encounters, often extending 
work after hours and increasing cog-
nitive load.2 These tasks detract from 
direct patient communication, with 
each hour of face-to-face care generating 
approximately two hours of administra-
tive work.3,4 This creates substantial eve-
ning and weekend “pyjama time” linked 
to emotional exhaustion, discontent-
ment, burnout, and an increased risk of 
diagnostic error.5,6

While clinical and administrative 
documentation requires clinical judg-
ment, much of its execution is inherently 
scribe-like and thus amenable to auto-
mation.7 Emerging artificial intelligence 
(AI) tools, particularly ambient speech-
to-text systems that draft clinical docu-
mentation during the encounter, demon-
strate promise by offloading repetitive 
tasks and reducing surgeon workload.8,9

Contemporary AI documentation 
tools combine automatic speech recog-

nition (ASR) with large language models 
(LLMs) to convert clinician–patient dia-
logue into structured documentation.1 
ASR backbones such as OpenAI’s Whis-
per or Google’s Cloud Speech-to-Text 
enable accurate, multi-speaker tran-
scription.1,10 LLMs (e.g., ChatGPT-4.0, 
Claude.ai, and Google’s Med-Gemini 
family) drive summarization, sectioning, 
and style control.1,10 On top of these 
foundations, commercial solutions pro-
vide “ambient” drafting and electronic 
medical record (EMR) handoff, includ-
ing Nuance DAX Copilot and Amazon 
HealthScribe, as well as newer vendors 
such as Freed AI, Nabla Copilot, Tali, 
Heidi Health, Lyrebird Health, i-scribe, 
Scribeberry, and ScribeMD.1,9,10 The 
capabilities described across this land-
scape include real-time or near-real-
time capture, speaker attribution, entity 
extraction (e.g., problems, medications, 
orders), template-aware note assem-
bly (e.g., subjective/objective/assess-
ment/plan, operative notes, letters), 
and clinician-in-the-loop review with 
smart edits.1,10

Despite these tools aiming to reduce 
administrative workload while ensuring 
high-quality patient care, independent 
evaluations in surgical settings remain 
limited. The size and direction of these 
effects in surgical care remain uncertain, 
including key implementation, safety, 
and governance considerations specific 
to high-throughput perioperative work-

flows. This review aims to synthesize the 
current evidence on AI documentation 
tools used in surgical settings, focusing 
on their impact on documentation time, 
note quality and accuracy, integration 
and user perception, and downstream 
clinician and patient outcomes including 
burnout. 

METHODS

This systematic review was con-
ducted in accordance with the Cochrane 
Handbook for Systematic Reviews, 
using the Population, Intervention, 
Comparison, Outcomes, and Study 
Type framework.11 Reporting follows 
the Preferred Reporting Items for Sys-
tematic Reviews and Meta-analyses 
(PRISMA) guidelines (Appendix 1).12 
The protocol was registered postoper-
atively in the PROSPERO International 
Prospective Register of Systematic 
Reviews (CRD420251156704).

Eligibility criteria
Eligible study designs included ran-

domized trials, quasi-experimental, 
pre–post, or observational cohort/
cross-sectional designs conducted in sur-
gical settings (e.g., pre-operative consul-
tation, intra-operative, and post-opera-
tive follow-up) that evaluated AI-enabled 
documentation tools compared to usual 
documentation workflows or a pre-im-
plementation baseline. Case reports, edi-

or to clinician notes on the Physician Documentation Quality Instrument-9 (33.6/45). 

Operative note quality was highest with hybrid attending-reviewed generative pre-

trained transformer drafts (79% as-is approval) and lowest with generative pre-trained 

transformer-only notes (23%). Whisper ASR was non-inferior to Dragon Medical One 

for word error rate and superior when linguistic errors were excluded. .

Conclusion: Early evidence suggests clinician-supervised AI documentation may ac-

celerate note generation while maintaining comparable quality, with hybrid use out-

performing AI-only approaches. However, the evidence base is early, heterogeneous, 

and largely non-randomized, and downstream outcomes—including burnout—remain 

unmeasured. Real-world trials incorporating patient, workflow, safety, and governance 

outcomes are needed to guide supervised implementation.

Keywords: Artificial intelligence, Surgical documentation, Ambient digital scribes, 

Large language models, Operative reports, Clinical workflow, Surgeon burnout
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torials, protocols, conference abstracts 
without full data, narrative reviews, 
purely technical or algorithmic papers 
without clinical deployment, and studies 
not centered on surgical documentation 
outcomes were excluded. We included 
English-language full texts only due to 
the reviewers’ language proficiency and 
to minimize misinterpretation of com-
plex methodological and outcome data; 
this is acknowledged as a limitation.

Population, Intervention, Com-
parison, Outcome, and Study Type 
framework

The population of interest com-
prised surgeons and surgical teams in 
any specialty and setting (e.g., outpa-
tient, inpatient/theatre, perioperative, 
postoperative). Mixed-specialty studies 
were eligible when surgical data were 
separable or comprised ≥95% of the 
sample. Interventions were AI-enabled 
documentation/scribe tools that cap-
ture, transcribe, structure, or draft clin-
ical documentation (e.g., ambient digi-
tal scribes, LLM-assisted note drafting, 
advanced ASR/natural-language-pro-
cessing systems integrated with the 
EMR). Comparators included usual 
documentation workflows (e.g., typed/
templated notes, dictation, human 
scribes), alternative digital workflows, 
or pre–post within-subject designs. 

The primary outcome measure was 
documentation efficiency, defined as: (i) 
time spent on documentation per clini-
cal encounter (minutes); (ii) after-hours 
documentation time per session; and (iii) 
time to note finalization. Time to note 
finalization was defined as the interval 
between the patient encounter and com-
pletion of the clinical record or corre-
spondence in the EMR system. Second-
ary outcomes included documentation 
quality (e.g., Physician Documentation 
Quality Instrument-9 [PDQI-9] or val-
idated variants), including complete-
ness, organization, accuracy, satisfac-
tion/usability, clinician outcomes such 
as burnout and cognitive load, patient 
outcomes including satisfaction, and any 
safety or adverse events related to doc-
umentation, including AI hallucination.

Information sources and search 
strategy

A systematic search of MEDLINE 
(Ovid), Embase (Ovid), CENTRAL, and 
Scopus (January, 1, 2015, to October 9, 
2025) was conducted using terms for AI 
and digital/ambient scribes, surgical set-

tings, and administrative burden, docu-
mentation, or workflow (Appendix 2). 
The search strategy was developed with 
support from a senior medical librarian 
from the University of Sydney. Refer-
ence lists of included studies and rele-
vant systematic reviews were manually 
searched for additional relevant studies.  

Selection process
All search results were imported into 

EndNote 20 (Clarivate, United King-
dom) and de-duplicated using exact-
match fields (e.g., title, author, year, 
DOI/PubMed ID), followed by a man-
ual sweep of near-duplicates (e.g., minor 
title, author variants). Two review-
ers independently screened titles and 
abstracts against prespecified eligibility 
criteria, then independently assessed 
full texts, with disagreements resolved 
by a third reviewer. Reasons for full-text 
exclusion were recorded and presented 
in the PRISMA flow diagram (Figure 
1). No automation tools were used for 
selection; EndNote was used only for 
citation management and de-duplication.

Data collection process 
Using a piloted, standardized data 

collection form, two reviewers inde-
pendently extracted data from each 
included article, and discrepancies were 
resolved by discussion, with a third 
reviewer adjudicating if needed. No 
automation tools were used for data 
extraction. 

Prespecified outcome domains were 
defined and extracted for all compatible 
results across measures and time points, 
prioritizing adjusted estimates. Study 
characteristics included study design; 
setting and country; surgical specialty; 
participant characteristics; AI tool details 
(e.g., vendor/generation if disclosed, 
functions, ambient capture, ASR, NLP, 
LLM drafting); comparator; outcome 
definitions, instruments, or time points; 
effect estimates and precision; adjust-
ment variables; and blinding/timing for 
quality assessments (e.g., PDQI-9). 

The primary outcome was documen-
tation efficiency, defined as total clinician 
time required for review, editing, and 
sign-off (time-to-finalization) in min-
utes. Secondary outcomes included doc-
umentation time, defined as automated 
draft generation time (system processing 
time to produce a first draft), exclud-
ing surgeon review or sign-off. Docu-
mentation quality was measured using 
PDQI-9. PDQI-9 rates nine domains 

(up-to-date, accurate, thorough, useful, 
organized, comprehensible, succinct, 
synthesized, and internally consistent) 
on a 1–5 Likert scale; summed totals 
range 9–45, with higher scores indi-
cating better note quality. Accuracy 
included error/amendment rates, while 
user perception, integration, and clini-
cian burnout were defined by Likert sat-
isfaction scores. Where multiple analyses 
were reported, all were included and the 
authors’ designated primary analysis was 
noted. 

Study risk of bias and certainty 
assessment

Risk of bias was assessed with the 
Risk of Bias in Non-randomized Studies 
of Exposures (ROBINS-E) tool, as no 
randomized studies were identified. Two 
independent reviewers assessed standard 
domains, with consensus or third-party 
adjudication as needed.13 ROBINS-E 
ratings were assigned per outcome as 
low, moderate, serious, critical, or no 
information, with the overall study rat-
ing equal to the highest (worst) domain 
rating. Certainty assessment (Grading of 
Recommendations Assessment, Devel-
opment, and Evaluation) was not con-
ducted because results were reported at 
the single-study level for each outcome, 
precluding a body-of-evidence rating.

Data synthesis 
We prespecified effect measures: 

mean or standardized mean differences 
for continuous outcomes (e.g., docu-
mentation time, PDQI-9), risk/odds 
ratios for dichotomous outcomes (e.g., 
error or amendment rates), and rate 
ratios for counts. When multiple mea-
sures or time points were reported, 
we extracted all compatible results and 
prioritized the authors’ primary analy-
sis, the longest relevant follow-up, and 
adjusted estimates. 

Owing to heterogeneity in settings, 
interventions, comparators, outcomes, 
and designs, we conducted a structured 
narrative synthesis: study characteris-
tics and effect estimates were tabulated, 
adjusted results were prioritized, and 
multiple reports from the same study 
were treated as one. Meta-analysis, sub-
group analyses, and small-study assess-
ments were not undertaken (<10 stud-
ies per outcome), and no automation 
tools were used.

Meta-analysis was not feasible 
because interventions spanned distinct 
modalities (LLM-drafted operative 
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notes, ambient ASR+LLM clinic notes/
letters, and ASR dictation), comparators 
differed (usual care, cross-tool compar-
isons, or none), and outcome measures 
were inconsistently reported (seconds 
vs. minutes, PDQI-9 vs. bespoke Likert/
composite scores, and word error rate 
[WER]), often without compatible vari-
ance estimates. With fewer than 2–3 
studies per outcome domain, quantita-
tive pooling would be statistically unsta-
ble and clinically misleading.

RESULTS

Study characteristics
Seven studies published between 

2023 and 2025 met the inclusion cri-
teria (Figure 1). Detailed characteris-
tics of the included studies are provided 
in Table 1. Only two studies involved 
patients,14,15 while the remainder 
assessed the tools in simulated or struc-
tured scenarios rather than real-world 
deployment in routine workflows, lim-
iting external validity. Clinical settings 
spanned otolaryngology, neurosurgery, 
plastic surgery, and urology. Three of 
the seven studies assessed the AI-as-
sisted generation of operative reports 
utilizing prompts with OpenAI’s LLM 
ChatGPT-4.15-17 The remaining studies 

were conducted in outpatient clinic set-
tings.14,18,19 

Across studies, AI documentation 
combined ASR with LLMs for transcrip-
tion, summarization, and structuring, 
typically using tools such as Whisper, 
Azure Speech+GPT-4o, and commercial 
ambient scribes. Interventions ranged 
from in-room ambient capture with 
auto-drafted clinic notes to AI-aug-
mented operative reports, often in 
hybrid workflows where clinicians and 
AI sequentially refined the draft.

Risk of bias 
Across seven non-randomized stud-

ies, ROBINS-E ratings indicated a mod-
erate to serious risk of bias (moderate 
= 4, serious = 3; Table 2). The main 
concerns were unaddressed confounding 
(e.g., clinician experience, case mix), 
selection issues (e.g., small, single-cen-
ter, or simulated samples), and out-
come measurement (subjective ratings 
with variable blinding). Classification 
of interventions and deviations from 
intended interventions were generally at 
low to moderate risk, and missing data 
were minimal. In light of this profile and 
the heterogeneity across studies, we pri-
oritized adjusted and objective estimates 
and interpreted effects cautiously.

Operative note generation (large 
language model drafting)

Documentation efficiency/time
Large-language-model tools con-

sistently reduced the time required to 
generate operative reports across the 
included studies (Table 3). Abdel-
hady and Davis15 reported that uned-
ited ChatGPT-generated plastic surgery 
operative notes were produced in an 
average of 5.1 s, compared with 7.1 min 
for manually written reports (approxi-
mately a 99% reduction). 

Similarly, Ali et al.17 demonstrated that 
non-human–validated ChatGPT-gener-
ated cranial and spinal operative reports 
were produced in approximately 50 s, 
although this was not formally compared 
with surgeon-authored notes. 

Hack et al.16 reported that otolaryn-
gology operative notes were generated 
fastest by ChatGPT alone (43 s) versus 
an attending–ChatGPT hybrid work-
flow (272 s), residents (408 s), and 
attendings (444 s) (hybrid vs. attending 
= −172 s, approximately a 39% reduc-
tion; ChatGPT vs. attending = −401 s, 
approximately a 97% reduction). No 
study reported after-hours documen-
tation burden or time from the clinical 
encounter to note sign-off.

Figure 1. The Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) flow.

https://doi.org/10.14440/sti.0457
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Table 1. Characteristics of the included studies (n = 7)
Study Country Study design Population Intervention Comparator Sample size

Hack et al.16 Israel/UK
Prospective dou-
ble-blind obser-

vational

Otolaryngology 
residents and 

attendings (periop-
erative)

ChatGPT 4.0 
operative notes 

(OpenAI)

Attending/resident/
hybrid

20 notes; 10 blind-
ed reviewers

Ali et al.17 USA
Retrospective 

controlled com-
parison

Neurosurgery 
attendings (periop-

erative)

ChatGPT-4 op-
erative reports 

(OpenAI)

Surgeon-authored 
reports

36 notes; 144 
ratings by 3 neu-

rosurgeons

Abdelhady and 
Davis15 UK

Prospective sin-
gle-site observa-

tional

Plastic surgery res-
idents and attend-
ings (perioperative)

ChatGPT-4/
DALL-E opera-

tive notes

Manual surgeon 
reports

30 operative 
notes

Ong et al.14 Singapore Prospective sin-
gle-blind pilot

Urology outpatient 
clinic (attending 

urologist)

Custom ambient 
AI scribe (Azure 
Speech + GPT-

4o)

Clinician-authored 
clinic letters

5 AI scribe notes, 
5 clinician notes; 
80 PDQI-9 evalu-

ations

Moryousef et 
al.19 Canada

Multi-site obser-
vational, sur-

vey-based

Urology faculty and 
trainees (simulated 

clinics)

Nabla, Tali, Hei-
di, Scribeberry, 
and ScribeMD

Cross-tool comparison 
only

15 AI scribe 
notes; 20 review-

ers

Hopkins et al.18 USA
Prospective sin-

gle-blind compar-
ative

Neurosurgeons 
dictating operative 

reports

OpenAI Whis-
per; Dragon 
Medical One 

(ASR)

Cross-tool comparison 10 operative 
reports

Thomson et 
al.20 Australia Non-randomized 

observational

Urologists (sim-
ulated outpatient 

consults)

Heidi, Lyrebird 
Health, i-Scribe, 

Medow, and 
mAIscribe

Urology doctors
15 AI scribe notes 
(3 scenarios × 5 

scribes)

Abbreviations: AI: Artificial intelligence; ASR: Automatic speech recognition; UK: United Kingdom; USA: United States of Ameri-
ca; PDQI-9: Physician Documentation Quality Instrument-9.

Accuracy and documentation quality
Abdelhady and Davis15  demonstrated 

that AI-generated operative notes had 
100% adherence to preset prompt 
guidelines. Surgeons rated note quality 
at 4.2 ± 0.847 on a Likert scale. Edits 
averaged 2.1 per note, primarily cor-
recting medical terminology, numerical 
values, patient demographics, and staff 
names. 

Ali et al.17 found that AI-generated 
neurosurgical notes were comparable 
to surgeon-written notes in accuracy 
(Likert score 4.44 vs. 4.33, p = 0.512) 

and organization (4.54 vs. 4.24, p = 
0.064), but were less detailed (3.73 vs. 
4.42, p < 0.001) and used more com-
plex language (Flesch–Kincaid Grade 
Level 13.13 vs. 9.99, p = 0.001). 

Hack et al.16 reported that hybrid 
attending–generative pre-trained trans-
former (GPT) generated notes had the 
highest composite quality and “as-is” 
approval rate (79%) compared with 
attending-only (68%), resident-only 
(52%), and GPT-only (23%) notes.16 
Hybrid notes outperformed residents 
on Likert scores assessing complete-

ness (p < 0.05), maneuver description 
(p < 0.001), and step sequencing (p < 
0.01).16 GPT-only drafts, while fastest, 
had the lowest approval rates and more 
omissions and verbosity.

Workflow integration and user per-
ception

Abdelhady and Davis15 reported high 
satisfaction among both surgeons (high/
very high: 25/30, 83%) and patients 
(high/very high: 26/30, 86%) when 
AI-generated operative reports were 
supplemented with DALL-E–generated 
visual illustrations.

https://doi.org/10.14440/sti.0457
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Burnout and cognitive load
Hack et al.16 and Ong et al.14 reported 

time savings and improved focus on 
patient interaction as potential contribu-
tors to reduced stress and cognitive load. 
Although none of the included studies 
quantitatively measured burnout, sev-
eral identified the reduction of adminis-
trative burden as a primary rationale for 
adopting AI documentation tools. 

Ambient scribes (automatic 
speech recognition + large lan-
guage model)

Documentation efficiency/time
Only Thomson et al.20 reported docu-

mentation efficiency measured as in-ses-
sion drafting time (Table 3), showing 
that commercially available AI scribes 
could process a full urology consultation 
and generate both the clinic note and 
referral letter in a mean of 5.16 min, 
compared with 10.58 min for clinicians 
performing the same task (−5.42 min; 
approximately a 51% reduction).

Accuracy and documentation quality
Ong et al.14 reported that ambient 

AI scribes (Azure + GPT-4o) produced 
urology clinic notes comparable to 
those produced by clinicians (PDQI-9: 
33.6/45 vs. 32.9/45, p = 0.412; total 
PDQI-9 range 9–45) (Table 3). Domain 
scores for accuracy, thoroughness, use-
fulness, organization, comprehensibil-
ity, and synthesis were similar, with no 
significant differences (all p > 0.05).14 
AI-generated notes were preferred in 
55% of evaluator ratings, suggesting 
non-inferiority in documentation qual-
ity. 

Thomson et al.20 reported higher accu-
racy for AI-generated notes (93.39%) 
than for clinician notes (85.64%), with 
fewer errors (AI scribe: 0.40 vs. clini-
cian: 1.48 errors per note). 

Moryousef et al.19 assessed commer-
cially available AI scribes using composite 
evaluation scores based on brevity, accu-
racy, quality, thoroughness, structure, 
and readability. Nabla demonstrated the 

highest overall accuracy (68%) and the 
lowest critical error score (28%). 

Workflow integration and user per-
ception

Moryousef et al.19 conducted a 
national survey of Canadian urologists 
to evaluate freely accessible AI scribes, 
including Nabla, Tali, Heidi, Scribeberry, 
and ScribeMD. Among the 20 respon-
dents, 75% indicated interest in using AI 
scribes for clinical documentation, while 
90% were open to use if improvements 
are implemented. Furthermore, 16 of 
these 18 respondents (89%) believed 
that AI scribes would enable more 
patients to be seen and allow additional 
appointments to be scheduled. 

Thomson et al.20 reported that 
blinded urologists rated AI-scribe–gen-
erated letters as easier to understand 
than clinician-written letters (mean 
Likert score: 4.33 ± 0.82 vs. 3.10 ± 
2.28; p < 0.05).20

Table 2. Risk-of-bias assessment: ROBINS-E domain ratings by study 

Study Confounding Selection of 
participants

Classification 
of interven-
tions

Deviations 
from intend-
ed interven-
tions

Missing 
data

Measurement 
of outcomes

Selection 
of reported 
result

Overall

Hack et al.16 Moderate Moderate Low–moderate Low–moder-
ate Low Moderate Moderate Moderate

Ali et al.17

Serious Moderate Low–moderate Low–moder-
ate Low Moderate–se-

rious Moderate Serious

Abdelhady 
and Davis15 Serious Serious Low–moderate Low–moder-

ate Low Serious Moderate Serious

Ong et al.14 Moderate Moderate Low–moderate Low–moder-
ate Low Moderate Moderate Moderate

Moryousef et 
al.19 Serious Serious Low–moderate Low–moder-

ate Low Serious Moderate Serious

Thomson et 
al.20 Moderate Moderate Low–moderate Low–moder-

ate Low Moderate Moderate Moderate

Hopkins et 
al.18 Moderate Moderate Low–moderate Low–moder-

ate Low Low Moderate Moderate

https://doi.org/10.14440/sti.0457
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Table 3. Results of the included studies (n = 7)

Study AI tool Documentation 
efficiency/time Accuracy and quality

Integration 
and percep-
tion

Burnout/cognitive 
load

LLM generation of operative reports

Hack et 
al.16

ChatGPT-4 (otolar-
yngology operative 
reports)

Efficiency not report-
ed; per-note time: 
GPT-only = 43 s; hy-
brid = 272 s; resident 
= 408 s; attending 
= 444 s. (hybrid vs. 
attending = −172 s; 
~39% reduction)

Hybrid had highest as-is 
approval (79%) vs. attend-
ing (68%), resident (52%), 
and GPT-only (23%); hybrids 
outperformed residents for 
completeness, maneuvre de-
scription and step sequencing

N/A

Qualitatively described 
time savings 
Increased paitent 
interaction and de-
creased burden

Ali et al.17 ChatGPT-4 (neuro-
surgical operative 
reports)

Efficiency not report-
ed; AI reports ~50 s 
(35–80 s); no surgeon 
time data

AI notes had similar accuracy 
(p = 0.512) and organization (p 
= 0.064) to surgeon reports but 
were less detailed (p <0.001) 
and written at a higher reading 
level (p < 0.001)

N/A N/A

Abdel-
hady and 
Davis15

ChatGPT-4 + 
DALL-E (plastic 
surgery operative 
reports)

Efficiency not re-
ported; AI notes 5.1 
s vs. 7.1 min for hu-
man-generated notes 
(−420.9 s; ~99% 
reduction)

100% adherence to the AI 
prompt; surgeon quality rating 
4.2/5 with few edits

Surgeon and 
patient satis-
faction high 
(Likert scale 
≈4.2–4.3/5)

N/A

AI scribes (ASR + LLM)

Ong et 
al.14

Azure Speech + 
GPT-4o ambient 
scribe

N/A

AI vs. clinician PDQI-9: 33.6/45 
vs. 32.9/45 (non-inferior); sim-
ilar domain scores, AI slightly 
less succinct (total PDQI-9 
range 9–45)

N/A

Identified decreased 
admin burden as 
rational for adopting AI 
tools.

Moryousef 
et al.19

Nabla, Tali, Heidi, 
Scribeberry, and 
ScribeMD

N/A

Best composite accuracy: Nab-
la (68%), Tali (64%); most notes 
had 0–3 errors, but 25–75% 
contained ≥1 critical error de-
pending on scenario

75% would 
adopt AI 
scribes, 90% 
if improved; 
89% anticipat-
ed change in 
practice

75% of respondents 
described admin as 
major contributor to 
burnout. 
80% respondents fel-
lows or jr residents 

Thomson 
et al.20

Heidi, Lyrebird 
Health, i-Scribe, 
Medow, and

mAIscribe

AI scribes 5.16 min 
vs. urologists 10.58 
min to complete note 
+ letter (p < 0.001) 
(−5.42 min; ~51% 
reduction)

Higher accuracy (93.39% vs. 
85.64%) and fewer errors (0.4 
vs. 1.48 per note) than doctors

Blinded urolo-
gists rated AI 
letters easier 
to understand 
(4.33 vs. 
3.10/5)

N/A

Dictation tools (ASR)

Hopkins et 
al.18

Whisper vs. Dragon 
Medical One (ASR) N/A

Overall word error rate: Whisper 
1.75% vs. Dragon 1.54% (Δ 
+0.21% absolute; non-inferi-
or); excluding linguistic errors, 
Whisper superior (0.50% vs. 
1.34%, Δ −0.84% absolute; p < 
0.001)

N/A N/A

Abbreviations: AI: Artificial intelligence; ASR: Automatic speech recognition; LLM: Large language model; N/A: Not available; 
PDQI-9: Physician Documentation Quality Instrument-9.
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Burnout and cognitive load
Moryousef et al.19 reported that 75% 

of respondents identified documentation 
workload as a major contributor to urol-
ogist burnout and expected AI scribes to 
alleviate this burden. Among those expe-
riencing burnout, 80% were junior resi-
dents or fellows (Table 3). None of the 
included studies quantitatively assessed 
burnout outcomes.

Dictation tools (automatic speech 
recognition)

Documentation efficiency/time
No studies evaluated documentation 

efficiency or time. 

Accuracy and documentation quality
Hopkins et al.18 reported that 

OpenAI’s Whisper dictation model 
demonstrated a mean WER of 1.75%, 
compared with 1.54% for Dragon Med-
ical One, demonstrating non-inferior-
ity (Table 3). When linguistic errors 
were excluded, Whisper outperformed 
Dragon Medical One, with a signifi-
cantly lower WER (0.50% vs. 1.34%, p 
< 0.001). 

Workflow integration and user per-
ception

No studies evaluated workflow inte-
gration and user perception.

Burnout and cognitive load
No studies evaluated burnout and 

cognitive load.

Hallucination
Across studies, fully automated AI 

documentation was more error-prone 
than human-supervised workflows. 
Despite this, hallucinations (fabricated 
or misattributed details) were only 
reported in Hack et al.,16 where GPT-
only notes had the lowest “as-is” approval 
rate (23%) and while eloquent, “fre-
quently contained factual errors, hallu-
cinations, or overgeneralizations.” How-
ever, hybrid notes required no alterations 
to “procedural steps,” “clinical content”, 
or “hallucinated findings.” 

In urology, Ong et al.14 identified hal-
lucination errors and automation bias as 
key barriers, advocating AI use only as a 
complement to clinician documentation. 
Other studies mainly reported errors 
in anatomical terms/proper nouns and 

subtle omissions or misinterpretations, 
rather than overt hallucinations.

Implementation and governance 
considerations

Across studies, implementation fac-
tors were frequently identified as key 
determinants of feasibility and safety, 
including consent/notification pro-
cesses, data storage and residency, 
degree of clinician oversight, workflow/
EMR integration, and post-deployment 
monitoring. To consolidate these recur-
ring domains into a practical checklist 
for surgical services considering adop-
tion, we summarize implementation 
readiness domains in Table 4.

DISCUSSION 

Across contemporary surgical set-
tings, AI-enabled documentation tools 
accelerate note generation and stream-
line workflows without significantly 
reducing overall quality. Hybrid, cli-
nician-in-the-loop approaches (LLM 
with expert verification) achieved the 
best balance of speed, completeness, 
and approval, while AI-only drafts were 

Table 4. Implementation readiness domains for AI documentation tools in surgery (practi-
cal checklist)

Domain Key questions (examples) Minimum safeguards/metrics

Privacy, security, and data residency

Where is audio/text processed and 
stored?; For how long?; Is patient data 
used to train models?; Encryption in 
transit/at rest?

Local/contracted residency as required; 
encryption; retention limits; explicit 
no-training clause; breach notification and 
audit logs

Consent and transparency
How are patients informed?; Opt-out vs. 
opt-in?; What is recorded (ambient cap-
ture scope)?

Plain-language consent/notification; clear 
scope; signage; ability to pause/stop re-
cording; documentation of consent status

Clinical safety and accountability
Who signs-off?; How are hallucinations/
omissions detected?; What is the escala-
tion pathway?

Clinician-in-the-loop finalization; sampling 
QA; addendum/amendment tracking; inci-
dent reporting; automation-bias training

Workflow and EMR integration

How does the tool integrate (copy/paste 
vs. application programming interface)?; 
Does it fit templates (SOAP/op note)?; 
Does it reduce clicks?

Interoperability plan; measurable time-to-
sign-off; usability testing; fallback work-
flow

Monitoring and ongoing governance
How are model/version updates han-
dled?; Are performance drifts monitored?; 
Vendor reporting and change control?

Version disclosure and change logs; 
periodic re-validation; KPI dashboard 
(e.g., time, quality, errors); governance 
oversight

Abbreviations: EMR: Electronic medical record; KPI: Key performance index; QA: Quality assurance; SOAP: Subjective/objective/
assessment/plan.
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fastest but more error-prone and less 
frequently “as-is” acceptable. Outpatient 
ambient scribes produced notes com-
parable to clinician documentation on 
PDQI-type metrics, and modern ASR 
engines were non-inferior to a leading 
commercial dictation tool with respect 
to WER. As these systems adapt to con-
sistent editing patterns and align with a 
surgeon’s preferred structure and lan-
guage, the quality and speed of outputs 
are likely to improve further. Despite 
this, the evidence for downstream ben-
efits (reduced after-hours charting, cog-
nitive load, or burnout) is plausible but 
remains indirect.

Strengths and weaknesses 
We used a prospectively registered 

protocol, dual independent screening 
and data extraction, and prespecified 
outcomes spanning efficiency, qual-
ity, safety signals, and governance. The 
resultant evidence base is early and col-
lates heterogeneous AI modalities (e.g., 
ambient scribes, dictation, LLM-as-
sisted drafting) relevant to real surgical 
workflows. Most studies were small, 
single-center, or simulated, relied on 
proxy outcomes, had variable compara-
tors and short follow-up, and inconsis-
tently reported model/version, vendor 
configuration, and conflicts of interest. 
Few eligible studies and heterogeneity 
precluded meta-analysis. Restrictions to 
English-language studies, database lim-
itations, and rapid tool evolution intro-
duce selection and publication bias, and 
some findings may already be out of date 
given the fast model iteration and publi-
cation lag time, tempering the strength 
and generalizability of conclusions. 
The English-language restriction may 
have excluded relevant studies, biasing 
toward English-speaking settings. Future 
updates should incorporate multi-lan-
guage screening and translation support.

Relevance to other studies 
Our findings align with emerging 

primary-care and general ambulatory 
literature showing reduced documenta-
tion burden and stable note quality with 
ambient AI scribes.21-23 Our synthesis 
extends this to surgical contexts (opera-
tive and clinic notes), highlighting a con-
sistent advantage for human-supervised 
hybrid workflows over AI-only drafting. 
Differences arise in specialty nuance: 
operative reports benefit from AI struc-
ture but risk omissions or over-docu-
mentation without expert review, while 

clinic notes show near-equivalence on 
PDQI domains yet still require clinician 
synthesis for subtle reasoning. Compared 
with non-surgical reports of produc-
tivity gains, surgical studies more often 
emphasized governance (e.g., privacy, 
consent, auditability) and terminology 
accuracy, reflecting higher stakes around 
procedural detail.21-23

Although no included studies directly 
measured burnout, multiple proxies 
moved in a favorable direction (e.g., 
shorter drafting times, smoother down-
stream tasks, improved perceived work-
flow). Other non-surgical studies have 
reported improvements in task load and 
burnout.21 We also note that an indus-
try/marketing report from an AI scribe 
vendor in the National Health Service 
primary care (grey literature) describes 
large reductions in documentation time 
and cognitive load; however, these esti-
mates are not peer-reviewed and should 
be interpreted cautiously, serving only 
as contextual background rather than 
clinical evidence.23

Meaning and implications for 
practice and policy

The commercial success of ambient 
AI scribes centers on the synergy of each 
technology’s strengths: ASR provides 
fast, low-latency capture of dialogue 
and objective data, and LLMs excel 
at structuring narratives, synthesizing 
salient problems, and mapping plans to 
standardized templates. Accuracy gains 
are most evident in the organization 
and capture of routine elements, with 
residual errors concentrated in specialty 
terminology and nuanced findings that 
benefit from clinician review. The net 
effect is a fundamental change to the 
existing documentation workflow: clini-
cians spend less time typing and instead 
validate and personalize the note, thus 
improving throughput and freeing time 
for direct patient care. This expert over-
sight remains the critical safety step to 
confirm clinical reasoning and ensure 
safe, context-appropriate finalization. 

For clinicians and policymakers, 
rapid adoption of AI documentation 
tools hinges on governance that squarely 
addresses privacy/data governance, 
consent, transparency, and account-
ability. Ambient capture of sensitive 
dialogue demands clear data-flow rules 
(capture scope, storage location/dura-
tion, training use), explicit model and 
version disclosure (including on-device 
versus cloud), audit trails, and defined 

liability. Consent and transparency 
should be explicit: patients should be 
informed when AI is used to generate 
clinical documentation, what data are 
captured and where they are stored, 
and who remains accountable for the 
final record, with clear opt-out path-
ways where feasible. Because AI outputs 
can create “automation bias” (over-trust 
and reduced scrutiny), implementation 
should mandate clinician verification as 
a safety step and include monitoring for 
systematic errors, omissions, and drift 
over time. Controls should prioritize 
data minimization, encryption, legal 
compliance, adversarial resilience, and 
explicit consent. Contracts must allo-
cate controller/processor roles, specify 
breach notification and cost-sharing, and 
bar undisclosed model training on clin-
ical data. Procurement should require 
local data residency where applicable, 
security attestations, human-in-the-
loop sign-off, and measurable outcomes 
such as turnaround time, rework, and 
patient-centered metrics. Implementa-
tion should consider all minimum stan-
dards and key questions described in 
Table 4, including staff training, patient 
information/consent, and continuous 
quality and safety surveillance.

Future directions
Future work should quantify surgeon 

trust in AI as a primary implementa-
tion outcome and link it to measurable 
effects on clinician well-being using 
validated instruments (Maslach Burn-
out Inventory, Copenhagen Burnout 
Inventory, and cognitive-load measures 
such as NASA-TLX). Patient-reported 
outcome measures should be concur-
rently collected, as efficiency gains must 
not compromise patient experience. 
Large, real-world studies are needed to 
characterize safety signals (hallucina-
tion, misattribution) and evaluate safe-
guards across accents, languages, noise, 
subspecialties, and multimorbidity. 
Cost-effectiveness trials should compare 
ambient scribes against enhanced dicta-
tion tools and human scribes, capturing 
total cost, throughput, and rework. To 
enable future meta-analyses, we pro-
pose minimum reporting standards for 
AI documentation studies, including 
model/vendor/version, supervision 
level (AI-only vs clinician-in-the-loop), 
reviewer role, integration details (EMR 
interface/application programming 
interface, templating, order sets),  data-
flow and data residency, consent model, 
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and a core outcomes set (documen-
tation minutes including after-hours 
time, turnaround to sign-off, PDQI-9 
or validated quality metrics, addendum/
amendment rate, error/hallucination 
rate, and patient/clinician satisfaction).

CONCLUSION

Across contemporary surgical set-
tings, early evidence suggests AI-enabled 
documentation tools can accelerate note 
generation and streamline workflows 
while maintaining broadly comparable 
note quality, particularly when ASR is 
paired with LLM drafting and clinician 
verification. However, most available 
studies are small and/or simulated, at 
moderate-to-serious risk of bias, and do 
not directly measure downstream out-
comes such as after-hours burden, safety 
events, or burnout. 

Accordingly, supervised clinician-in-
the-loop pilots with mature governance 
may be reasonable, but robust, pro-
spective, real-world evaluations remain 
the priority.
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APPENDIX 1

Section and 
topic 

Item 
# Checklist item

Location 
where item 
is reported 
(page)

Title
       Title 1 Identify the report as a systematic review. 1

Abstract

       Abstract 2 See the PRISMA 2020 for Abstracts checklist. 1

Introduction

       Rationale 3 Describe the rationale for the review in the context of existing knowledge. 2
       Objec-
tives 4 Provide an explicit statement of the objective(s) or question(s) the review addresses. 2

Methods
       Eligibility 
criteria 5 Specify the inclusion and exclusion criteria for the review and how studies were 

grouped for the syntheses. 3

       Informa-
tion sources 6

Specify all databases, registers, websites, organizations, reference lists and other 
sources searched or consulted to identify studies. Specify the date when each source 
was last searched or consulted.

3

       Search 
strategy 7 Present the full search strategies for all databases, registers and websites, including 

any filters and limits used. 3

       Selection 
process 8

Specify the methods used to decide whether a study met the inclusion criteria of the 
review, including how many reviewers screened each record and each report re-
trieved, whether they worked independently, and if applicable, details of automation 
tools used in the process.

4

       Data 
collection 
process 

9

Specify the methods used to collect data from reports, including how many reviewers 
collected data from each report, whether they worked independently, any processes 
for obtaining or confirming data from study investigators, and if applicable, details of 
automation tools used in the process.

4

       Data 
items 

10a

List and define all outcomes for which data were sought. Specify whether all results 
that were compatible with each outcome domain in each study were sought (e.g. for 
all measures, time points, analyses), and if not, the methods used to decide which 
results to collect.

4

10b
List and define all other variables for which data were sought (e.g. participant and 
intervention characteristics, funding sources). Describe any assumptions made about 
any missing or unclear information.

4

       Study 
risk of bias 
assessment

11

Specify the methods used to assess risk of bias in the included studies, including 
details of the tool(s) used, how many reviewers assessed each study and whether 
they worked independently, and if applicable, details of automation tools used in the 
process.

4

       Effect 
measures 12 Specify for each outcome the effect measure(s) (e.g. risk ratio, mean difference) used 

in the synthesis or presentation of results. 4

       Synthesis 
methods

13a
Describe the processes used to decide which studies were eligible for each synthe-
sis (e.g. tabulating the study intervention characteristics and comparing against the 
planned groups for each synthesis [item #5])

4

13b Describe any methods required to prepare the data for presentation or synthesis, 
such as handling of missing summary statistics, or data conversions 4

13c Describe any methods used to tabulate or visually display results of individual studies 
and syntheses 4

13d
Describe any methods used to synthesize results and provide a rationale for the 
choice(s). If meta-analysis was performed, describe the model(s), method(s) to identi-
fy the presence and extent of statistical heterogeneity, and software package(s) used

4

13e Describe any methods used to explore possible causes of heterogeneity among study 
results (e.g. subgroup analysis, meta-regression) 4

13f Describe any sensitivity analyses conducted to assess robustness of the synthesized 
results 4
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Section and 
topic 

Item 
# Checklist item

Location 
where item 
is reported 
(page)

       Re-
porting bias 
assessment

14 Describe any methods used to assess risk of bias due to missing results in a synthe-
sis (arising from reporting biases) 4

       Certainty 
assessment 15 Describe any methods used to assess certainty (or confidence) in the body of evi-

dence for an outcome 4

Results

       Study 
selection 

16a
Describe the results of the search and selection process, from the number of records 
identified in the search to the number of studies included in the review, ideally using 
a flow diagram

5

16b Cite studies that might appear to meet the inclusion criteria, but which were exclud-
ed, and explain why they were excluded 5

       Study 
characteris-
tics 

17 Cite each included study and present its characteristics 5

       Risk 
of bias in 
studies 

18 Present assessments of risk of bias for each included study 5

       Results 
of individual 
studies 

19
For all outcomes, present, for each study: (a) summary statistics for each group 
(where appropriate) and (b) an effect estimate and its precision (e.g. confidence/
credible interval), ideally using structured tables or plots

5

       Results 
of syntheses

20a For each synthesis, briefly summarize the characteristics and risk of bias among 
contributing studies 5

20b

Present results of all statistical syntheses conducted. If meta-analysis was done, 
present for each the summary estimate and its precision (e.g. confidence/credible 
interval) and measures of statistical heterogeneity. If comparing groups, describe the 
direction of the effect

5

20c Present results of all investigations of possible causes of heterogeneity among study 
results 5

20d Present results of all sensitivity analyses conducted to assess the robustness of the 
synthesized results 6

       Report-
ing biases 21 Present assessments of risk of bias due to missing results (arising from reporting 

biases) for each synthesis assessed 6

       Certainty 
of evidence 22 Present assessments of certainty (or confidence) in the body of evidence for each 

outcome assessed 6

Discussion

       Discus-
sion 

23a Provide a general interpretation of the results in the context of other evidence 7

23b Discuss any limitations of the evidence included in the review 7

23c Discuss any limitations of the review processes used 7

23d Discuss implications of the results for practice, policy, and future research 7

Other information

       Regis-
tration and 
protocol

24a Provide registration information for the review, including register name and registra-
tion number, or state that the review was not registered 2

24b Indicate where the review protocol can be accessed, or state that a protocol was not 
prepared 2

24c Describe and explain any amendments to information provided at registration or in 
the protocol 2

       Support 25 Describe sources of financial or non-financial support for the review, and the role of 
the funders or sponsors in the review 1

       Compet-
ing interests 26 Declare any competing interests of review authors 1

       Availabil-
ity of data, 
code, and 
other mate-
rials

27
Report which of the following are publicly available and where they can be found: 
template data collection forms; data extracted from included studies; data used for all 
analyses; analytic code; any other materials used in the review

1

Note: Adapted from Page et al.12
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APPENDIX 2

Title:

Search strategy
Review question: What are the artifi-

cial intelligence tools and their effect on 
the administrative burden of surgeons?

Aim: To synthesize and evaluate the 
current evidence on AI tools in surgical 
practice 

Conduct a systematic review to 
identify and assess AI tools designed to 
reduce administrative burden in the 
surgical setting.

(i)	Scoping review of AI tools reducing 
administrative burden of surgeons in 
pre-operative setting 

(ii)	Assessment of the effect of these AI 
tools on decreasing burnout and in-

creasing clinician satisfaction

Core terms
Artificial intelligence 
Pre-operative surgical setting 

(including urology and broader 
surgical contexts)

Administrative burden/workload/ 
burnout

Outcomes related to efficiency, satis-
faction, or workflow

Search structure
Search set 1: Artificial intelligence 

and related terms
Artificial Intelligence/**
Machine Learning/**
Neural Networks (Computer)/**
Deep Learning/**
(artificial intelligence OR AI OR 

“machine learning” OR “deep learn-
ing” OR “expert system*” OR “expert 
systems” OR “neural network*” OR 
“natural language processing” OR 
“predictive analytics” OR “computer 
assisted” OR “computer-aided” OR 
“computer simulation”).ti,ab,kw.

Search set 2: Pre-operative setting 
in surgery/urology

Surg* OR Urolog* OR preoperative 
OR “pre-operative” OR perioperative 
OR “peri-operative” OR presurgical OR 
“pre-surgical” OR “pre-surgery”

Preoperative Care/** OR 
Perioperative Care/**

(preoperative OR “pre-operative” 
OR perioperative OR “peri-operative” 
OR presurgical OR “pre-surgical” OR 
“pre-surgery”. ti,ab,kw.

Surgical Procedures, Operative/**

Urologic Surgical Procedures/**
(surgery OR surgical OR urol-

ogy OR “urologic*” OR “urological” 
OR “surgical patient*” OR “operative 
care”).ti,ab,kw. Surg*

Urolog*
Search set 3: Administrative 

burden, workload, burnout, and 
related outcomes

administrative adj2 burden OR cleri-
cal adj2 burden OR documentation OR 
paperwork OR “data entry” OR “cleri-
cal tasks” OR workload OR “work load” 
OR “task shifting” OR “efficienc*” OR 
“workflow OR satisfaction OR “clinician 
satisfaction” OR “patient satisfaction” 
OR “staff satisfaction OR wellbeing OR 
“well-being” OR “quality of work life” 
OR “work-life balance”

Burden
(administrative adj2 burden).ti,ab,kw.
(clerical adj2 burden).ti,ab,kw.
(documentation OR paperwork OR 

“data entry” OR “clerical tasks”).ti,ab,kw.
(workload OR “work load” OR 

“task shifting” OR “efficienc*” 
OR “workflow”.ti,ab,kw.

Burnout, Professional/**
(burnout OR “moral injury”).ti,ab,kw.
(satisfaction OR “clinician satis-

faction” OR “patient satisfaction” OR 
“staff satisfaction”).ti,ab,kw.

(wellbeing OR “well-be-
ing” OR “quality of work life” OR 
“work-life balance”).ti,ab,kw.

Efficiency, Organizational/**
Resilience, Psychological/**

4. Limit by Date and Language
Publication date: January 2015 to 

current date

MEDLINE:
( ( (“Artificial Intelligence”[Mesh] 

OR “Machine Learning”[Mesh] OR 
“Neural Networks (Computer)”[Mesh] 
OR “Deep Learning”[Mesh]) OR (arti-
ficial intelligence[tiab] OR AI[tiab] OR 
“machine learning”[tiab] OR “deep learn-
ing”[tiab] OR “expert system*”[tiab] OR 
“neural network*”[tiab] OR “natural 
language processing”[tiab] OR “pre-
dictive analytics”[tiab] OR “computer 
assisted”[tiab] OR “computer-aided”[-
tiab] OR “computer simulation”[tiab]) ) ) 
AND ( ( (“Preoperative Care”[Mesh] OR 
“Perioperative Care”[Mesh]) OR (pre-
operative[tiab] OR “pre-operative”[tiab] 
OR perioperative[tiab] OR “peri-op-
erative”[tiab] OR presurgical[tiab] OR 
“pre-surgical”[tiab] OR “pre-surgery”[-

tiab] OR “preoperative period”[tiab] 
OR “preoperative management”[tiab]) 
) AND ( (“Surgical Procedures, Oper-
ative”[Mesh] OR “Urologic Surgical 
Procedures”[Mesh]) OR (surgery[tiab] 
OR surgical[tiab] OR urology[tiab] OR 
“urologic*”[tiab] OR “urological”[tiab] 
OR “surgical patient*”[tiab] OR “uro-
logic patient*”[tiab] OR “urological 
patient*”[tiab] OR “operative care”[-
tiab]) ) ) AND ( (administrative bur-
den[tiab] OR clerical burden[tiab] OR 
documentation[tiab] OR paperwork[-
tiab] OR “data entry”[tiab] OR “cleri-
cal tasks”[tiab] OR workload[tiab] OR 
“work load”[tiab] OR “task shifting”[tiab] 
OR efficienc*[tiab] OR workflow[tiab] 
OR “workflow improvement”[tiab] 
OR “Burnout, Professional”[Mesh] OR 
burnout[tiab] OR “physician burn-
out”[tiab] OR “clinical burnout”[tiab] 
OR “professional burnout”[tiab] OR 
“moral injury”[tiab] OR satisfaction[-
tiab] OR “clinician satisfaction”[tiab] OR 
“patient satisfaction”[tiab] OR “staff sat-
isfaction”[tiab] OR wellbeing[tiab] OR 
“well-being”[tiab] OR “quality of work 
life”[tiab] OR “work-life balance”[tiab] 
OR “Efficiency, Organizational”[Mesh] 
OR “Resilience, Psychological”[Mesh]) 
) AND (“2015/01/01”[PDAT] 
: “2025/10/09”[PDAT]) 
AND english[lang]

Medline by OVID 
(artificial intelligence or AI or 

“machine learning” or “deep learning” or 
“neural network*” or “natural language 
processing” or “predictive analytics”).
mp. [mp=ti, ab, hw, tn, ot, dm, mf, 
dv, kf, fx, dq, bt, nm, ox, px, rx, ui, sy, 
ux, mx]

AND
(preoperative or “pre-operative” or 

perioperative or “peri-operative” or pre-
surgical or “pre-surgical” or “pre-sur-
gery”).mp. [mp=ti, ab, hw, tn, ot, dm, 
mf, dv, kf, fx, dq, bt, nm, ox, px, rx, ui, 
sy, ux, mx]

AND
((((administrative adj2 burden) or 

clerical) adj2 burden) or documenta-
tion or paperwork or workload or “work 
load” or “efficienc*” or “workflow OR 
satisfaction OR clinician satisfaction OR 
patient satisfaction OR staff satisfaction” 
or wellbeing or “well-being” or “quality 
of work life” or “work-life balance”).mp. 
[mp=ti, ab, hw, tn, ot, dm, mf, dv, kf, 
fx, dq, bt, nm, ox, px, rx, ui, sy, ux, mx]

AND
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(Surg* or Urolog*).mp. [mp=ti, ab, hw, tn, ot, dm, mf, dv, kf, fx, dq, bt, nm, ox, px, rx, ui, sy, ux, mx]
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