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Abstract
Introduction: Artificial intelligence (AI) applications are increasingly integrated into hepato-pancreato-biliary 
(HPB) surgery training, yet their impact on educational outcomes and patient safety remains unclear. This 
systematic review and meta-analysis evaluate clinical outcomes, learning effectiveness, and safety implications of 
AI-assisted HPB surgery among surgical trainees.

Methods: A comprehensive search of six databases (PubMed, Cochrane CENTRAL, Embase, Web of Science, 
Scopus, and Semantic Scholar) was performed through May 2025. Studies involving surgical trainees utilizing AI-
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based platforms with measurable clinical, educational, or safety outcomes were included. Data extraction and risk-
of-bias assessments were independently conducted (κ = 0.86-0.91). Random-effects models were applied to four 
outcomes: operative time, complications, learning curve metrics, and skill assessment accuracy. Subgroup and 
sensitivity analyses addressed heterogeneity, stratifying by procedure type and AI modality.

Results: Of 4,687 screened records, 80 studies (3,847 trainees) met inclusion criteria. Four separate meta-
analyses revealed: (1) operative time reduction of 32.5 min (MD -32.5, 95% CI: -45.2 to -19.8; I2 = 65%; 15 studies, 
1,234 procedures); (2) decreased complications (RR 0.72, 95% CI: 0.58-0.89; I2 = 42%; 18 studies, 2,156 patients); 
(3) accelerated learning with 2.3 fewer cases to proficiency (SMD -2.3, 95% CI: -2.8 to -1.8; I2 = 55%; 10 studies, 
423 trainees); and (4) AI skill assessment accuracy of 85.4% (95% CI: 81.2%-89.6%; I2 = 78%; 12 studies, 847 
assessments). Stratified analysis by AI technology type revealed differential impacts: computer vision systems 
achieved largest operative time reductions (-41.2 min, 95% CI: -54.3 to -28.1), augmented reality showed 
-38.7 min (95% CI: -49.8 to -27.6), while machine learning demonstrated -24.3 min (95% CI: -32.1 to -16.5); test 
for subgroup differences P = 0.02. Subgroup analysis showed greater benefits for complex procedures 
(pancreaticoduodenectomy: -48.3 min) versus simple procedures (cholecystectomy: -18.4 min, P = 0.003). 
Complications showed similar procedure-specific patterns, with pancreaticoduodenectomy achieving RR 0.65 
versus cholecystectomy RR 0.78. Critical View of Safety achievement improved from 11% to 78% (RR 2.84, 95% 
CI: 2.12-3.81). Publication bias was not detected (Egger’s test P > 0.05 for all outcomes).

Discussion: AI-assisted HPB surgical training improves operative efficiency, reduces complications, enhances 
learning curves, and enables accurate skill assessment. These findings support systematic AI integration with 
standardized protocols and multicenter validation.

Keywords: Artificial intelligence, machine learning, hepato-pancreato-biliary surgery, surgical education, patient 
safety, systematic review, meta-analysis, robotic surgery, learning curve

INTRODUCTION
Hepato-pancreato-biliary (HPB) surgery encompasses some of the most technically demanding procedures 
in modern surgical practice, demanding advanced anatomical understanding, refined operative skill, and 
nuanced intraoperative judgment[1]. The inherent complexity, marked by dense vascular and biliary 
anatomy and significant morbidity risk, poses distinct challenges to surgical education[2]. Traditional 
apprenticeship models face mounting pressures from work-hour restrictions, patient safety concerns, and 
the need for objective competency assessment[3].

Artificial intelligence (AI) represents a paradigm shift in surgical education and patient care[4]. AI 
technologies offer unprecedented opportunities to enhance surgical training while potentially improving 
patient outcomes[5]. In the context of HPB surgery, where precision is paramount and errors carry severe 
consequences, AI applications are particularly well-suited to address the limitations of conventional training 
paradigms[6,7].

Modern AI platforms now extend beyond static pattern recognition, encompassing real-time intraoperative 
decision support, predictive analytics, and automated performance evaluation[8,9]. Current applications 
encompass machine learning for outcome prediction[10-12], computer vision for anatomical recognition[13,14], 
virtual/augmented reality training[15,16], AI-enhanced robotic systems[17,18], and objective performance 
analytics[19-21]. These innovations directly target long-standing barriers in HPB training, including steep 
learning curves, low procedural volume, subjective evaluation tools, and catastrophic outcomes such as bile 
duct injury, which carries up to 40% associated mortality[22-26]. While previous reviews examined AI in 
general surgical education[27] or specific HPB procedures[28], a comprehensive synthesis of AI’s 
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multidimensional impact on HPB surgical training remains absent. Existing literature demonstrates 
heterogeneous study designs[29], variable outcome measures[30], limited long-term follow-up[31], and 
insufficient attention to implementation barriers[32].

This systematic review and meta-analysis addresses these gaps by quantifying AI’s effects across four 
domains: operative performance (e.g., time, complications), educational efficacy (e.g., skill accuracy, 
learning curves), safety outcomes, and implementation feasibility.

By conducting separate meta-analyses for each outcome domain, we overcome heterogeneity limitations 
while providing actionable insights for AI integration in HPB surgical training programs.

METHODS
We conducted a systematic review and meta-analysis following Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) 2020 guidelines[33] for systematic reviews and Meta-analysis Of 
Observational Studies in Epidemiology (MOOSE) guidelines[34] for meta-analysis of observational studies 
[Supplementary Table 1].

Information sources and search strategy
We conducted a comprehensive search of PubMed/MEDLINE, Embase, Cochrane CENTRAL, Web of 
Science, Scopus, and Semantic Scholar from database inception to May 2025. The search strategy was 
developed with a medical librarian using controlled vocabulary and keywords combining three concepts: (1) 
artificial intelligence terms including “machine learning”, “deep learning”, “computer vision”, “augmented 
reality”, and “AI-assisted”; (2) HPB procedures including “hepatectomy”, “pancreatectomy”, 
“cholecystectomy”, and “hepato-pancreato-biliary”; and (3) surgical education terms including “residents”, 
“fellows”, “trainees”, and “learning curve”. The full electronic search strategy for each database is available 
in Supplementary Appendix 1.

Manual reference checks were performed for included studies and relevant reviews. Abstracts from key 
surgical society meetings (AHPBA, IHPBA, SAGES, EAES) between 2019 and 2025 were screened. No 
language or date restrictions were applied.

Eligibility criteria
Eligible studies met the following criteria: (1) Population - surgical residents or fellows in accredited 
training programs performing HPB procedures; (2) Intervention - any AI-assisted technology used during 
actual patient care or procedural training; (3) Comparator - traditional training methods or pre-
implementation baseline; (4) Outcomes - at least one quantifiable clinical outcome (operative metrics, 
complications), educational outcome (learning curve, skill assessment), or safety indicator; (5) Study 
design - randomized controlled trials, cohort studies (prospective/retrospective), case-control studies, or 
systematic reviews with ≥ 10 participants/procedures.

We excluded simulation-only studies without patient outcomes, technical feasibility reports without clinical 
implementation, studies lacking trainee-specific data, and abstracts without full-text availability despite 
author contact.

Study selection and data collection
Two independent reviewers (FK, NZ) screened titles and abstracts using Rayyan software, followed by full-
text assessment[35]. Discrepancies were resolved by consensus or third-party adjudication (NM). Inter-rater 
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reliability was substantial (κ = 0.86 for abstract screening; κ = 0.91 for full-text review). Data were 
independently extracted using a standardized, piloted form capturing study design, population 
characteristics, AI modality, outcome measures, and risk of bias indicators. Disagreements were resolved via 
discussion and source verification.

Implementation data extraction and synthesis
Implementation outcomes were extracted using a predefined framework, encompassing technical 
parameters (e.g., setup time, system reliability, uptime percentage), user experience measures (satisfaction 
scores, ease of use ratings), economic factors (initial investment, break-even period, return on investment, 
cost per avoided complication), and implementation barriers/facilitators. Two reviewers (FK, NZ) 
independently extracted these data using standardized forms. For studies reporting implementation 
outcomes, we calculated weighted means for continuous variables (setup time, satisfaction scores) and 
proportions for categorical outcomes (barrier frequency). Economic data were converted to 2024 USD using 
healthcare inflation indices. Implementation barriers were categorized thematically into technical, 
educational, organizational, and financial domains. The strength of implementation recommendations was 
determined by the number of supporting studies and the consistency of findings. Disagreements in 
categorization were resolved through consensus discussion with a third reviewer (NM).

Risk of bias assessment
Risk of bias was assessed independently by two reviewers using validated tools: Cochrane RoB 2 for 
randomized trials, ROBINS-I for nonrandomized studies, Newcastle-Ottawa Scale for observational 
cohorts, PROBAST for prediction models, and AMSTAR 2 for systematic reviews. Overall bias was rated 
based on the highest-risk domain[36-42]. Studies were classified as low, moderate, or high risk of bias overall 
based on the worst domain rating [Supplementary Table 2].

AI technology classification
To address heterogeneity in AI applications, we classified included technologies into five categories based 
on established taxonomies[27,28]: (1) Machine Learning/Deep Learning Algorithms: predictive models for 
outcome prediction, risk stratification, and performance assessment[11,12,43-46]; (2) Computer Vision Systems: 
real-time anatomical recognition, critical view of safety identification, and error detection[13,14,47-51]; (3) 
Virtual Reality (VR) Platforms: immersive simulation environments for procedural skills training[15,16,52-56]; 
(4) Augmented Reality (AR) Systems: real-time overlay guidance during live procedures[15,16,52-56]; (5) 
Integrated Robotic-AI Platforms: AI-enhanced robotic surgical systems with intelligent guidance[57-60]. 
Studies were analyzed both collectively and stratified by technology type to assess differential impacts.

Managing overlap from included systematic reviews
Five systematic reviews or review articles were included among our 80 studies. To prevent data duplication, 
we extracted all primary study citations from these reviews and cross-referenced them against our included 
studies. When reviews reported only aggregated data without individual study details, we excluded these 
from quantitative meta-analyses but retained their qualitative findings for narrative synthesis. This process 
ensured no double-counting of data in our pooled estimates.

Data synthesis - multiple meta-analyses framework
We conducted four distinct meta-analyses to evaluate AI impact across key domains: (1) operative time, (2) 
complication rates, (3) learning curve metrics, and (4) skill assessment accuracy. Meta-analyses were 
performed when ≥ 3 studies reported comparable outcomes with extractable data. We calculated pooled 
estimates using random-effects models (DerSimonian-Laird), given expected clinical and methodological 
heterogeneity.
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For continuous outcomes, we used mean differences (MD) when studies used identical scales or 
standardized mean differences (SMD) for different scales. For dichotomous outcomes, we calculated risk 
ratios (RR) with 95% confidence intervals. Proportions were pooled using the Freeman-Tukey double 
arcsine transformation to stabilize variances.

Heterogeneity was assessed using Cochran’s Q (significance P < 0.10), I2 statistic (0-40% low, 40%-60% 
moderate, 60%-90% substantial), and τ2 for between-study variance. We explored heterogeneity through 
pre-specified subgroup analyses by study design, AI technology type, procedure complexity, and trainee 
level. Meta-regression was conducted for outcomes with ≥ 10 studies to explore sources of heterogeneity.

Robustness and sensitivity analyses
To assess robustness, we performed: (1) leave-one-out sensitivity analysis to identify influential studies 
[Supplementary Table 3]; (2) Baujat plots to visualize study contribution to overall heterogeneity and 
results; (3) exclusion of high risk of bias studies; (4) exclusion of studies with < 20 participants; (5) 
comparison of random versus fixed-effects models; and (6) exclusion of industry-funded studies. 
Publication bias was assessed using funnel plots (when ≥ 10 studies), Egger’s regression test, and the trim-
and-fill method.

For outcomes unsuitable for meta-analysis, we performed narrative synthesis following SWiM guidelines[41], 
grouping studies by outcome domain and identifying patterns in effect direction, magnitude, and 
consistency.

Certainty assessment
The GRADE approach was applied to assess certainty across five domains (risk of bias, inconsistency, 
indirectness, imprecision, and publication bias) and three upgrade factors (large effect size, dose-response, 
and confounding)[42]. Assessments were performed independently by two reviewers, with consensus 
resolution of discordance.

Statistical analysis
All analyses were performed using R version 4.3.0 with packages ‘meta’ (v6.5-0), ‘metafor’ (v4.2-0), and 
‘forestplot’ (v3.1.1). Statistical significance was set at P < 0.05 (two-tailed), except for heterogeneity tests (P < 
0.10). For missing data, we contacted authors when possible; otherwise, we applied established imputation 
methods. Further, analyses followed intention-to-treat principles where applicable. Comprehensive meta-
analysis results and statistical formulas are provided in Supplementary Table 4. Pre-specified subgroup 
analyses included stratification by AI technology type (machine learning/deep learning, computer vision, 
VR, AR, robotic-AI) to explore technology-specific effects. Test for subgroup differences used chi-square 
statistics with significance at P < 0.05.

Study protocol
This systematic review originated as an invited narrative review article on AI applications in HPB surgery. 
During initial literature exploration, we identified substantial heterogeneity requiring systematic review 
methodology. Following peer review feedback, we developed a comprehensive protocol incorporating 
PRISMA guidelines[33]. The study was not prospectively registered in PROSPERO. We documented our 
methodology by: (1) Establishing eligibility criteria before formal searches; (2) Developing the search 
strategy with a medical librarian; (3) Pre-specifying outcome domains and subgroup analyses; (4) 
Documenting methodological decisions in Supplementary Materials. Two modifications were made to the 
initial protocol: (1) inclusion of the Semantic Scholar database, and (2) addition of the PROBAST tool for 
AI-specific quality assessment. Both modifications were implemented before data extraction 
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[Supplementary Table 4].

RESULTS
Study selection
The systematic search yielded 4,687 records after duplicate removal. Title and abstract screening excluded 
4,558 records. Full-text assessment of 129 articles resulted in 49 exclusions: wrong population (n = 18), 
insufficient outcome data (n = 12), wrong intervention (n = 9), duplicate publications (n = 6), and ineligible 
study design (n = 4). The final synthesis included 80 studies published between 2011 and 2025 [Figure 1]. 
Inter-rater agreement was κ = 0.86 for abstract screening and κ = 0.91 for full-text review.

Study characteristics
The 80 studies comprised 22 prospective cohort studies, 20 retrospective analyses, 14 technical validation 
studies, 8 randomized controlled trials, 7 systematic reviews, 5 mixed-methods studies, and 4 simulation-
based studies. Geographic distribution included North America (n = 28), Europe (n = 24), Asia (n = 20), and 
other regions (n = 8). The participant pool totaled 3,847 surgical trainees: 2,156 residents (56%), 892 fellows 
(23%), and 799 mixed-level trainees (21%) [Table 1].

AI technologies evaluated were machine learning/deep learning algorithms (n = 32, 40%)[19,20,43-46], computer 
vision systems (n = 24, 30%)[13,14,47-51], virtual/augmented reality platforms (n = 16, 20%)[15,16,52-56], and 
integrated robotic-AI systems (n = 8, 10%)[57-60]. Procedures included laparoscopic cholecystectomy (28 
studies), hepatectomy (22 studies), pancreaticoduodenectomy (18 studies), distal pancreatectomy (8 
studies), and complex biliary reconstruction (4 studies) [Supplementary Tables 1 and 5].

Risk of bias assessment
Risk of bias was low in 18 studies (22.5%), moderate in 44 studies (55%), and high in 18 studies (22.5%). All 
eight randomized controlled trials demonstrated low risk of bias in randomization and outcome assessment 
domains. Selection bias was present in 15 of 20 retrospective studies. Performance bias due to the inability 
to blind surgeons was noted in 62 studies (77.5%) [Table 2, Figure 2, Supplementary Table 2].

Meta-analysis 1: operative time
Fifteen studies[11,12,18,22,28,44,53,55,61-67] reporting operative time included 1,234 procedures. While the overall 
pooled mean difference was -32.5 min (95% CI: -45.2 to -19.8, P < 0.001), favoring AI assistance [Figures 3A 
and 4A], procedure-specific analyses revealed more clinically relevant findings:

• Pancreaticoduodenectomy (5 studies)[18,23,61,65,71]: -48.3 min (95% CI: -62.1 to -34.5, I2 = 41%)

• Major hepatectomy (4 studies)[22,53,63,67]: -38.7 min (95% CI: -51.2 to -26.2, I2 = 52%)

• Laparoscopic cholecystectomy (6 studies)[11,12,44,55,62,64]: -18.4 min (95% CI: -24.6 to -12.2, I2 = 38%)

The test for subgroup differences was significant (χ2 = 11.82, P = 0.003), confirming that procedure-specific 
effects warrant separate consideration. Heterogeneity measures were I2 = 65% and τ2 = 18.4 [Table 3].

Meta-analysis 2: complication rates
Eighteen studies[11,12,14,18,22,24,28,44,48,49,55,61,63,65-70] encompassing 2,156 patients reported complication data. While 
the overall pooled risk ratio was 0.72 (95% CI: 0.58-0.89, P = 0.003) with I2 = 42% and τ2 = 0.08 [Figures 3B 
and 4B], procedure-specific analyses were more informative:

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
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Table 1. Characteristics of included studies (n = 80)

Study                                        Year Country/region Design N Population AI technology Procedure Primary
outcome

Key findings

Wu et al.[48] 2024 USA RCT 22 Residents 
(PGY 2-5)

AI-assisted 
coaching

Lap 
cholecystectomy

CVS 
achievement

11% → 78% 
improvement (
P < 0.001)

Sugimoto[27] 2018 Japan Technical 
validation

11 Fellows Mixed reality 
navigation

HPB surgery Accuracy 94% 
anatomical 
identification

Niemann et al.[58] 2024 USA Retrospective 137 Residents 
& fellows

Robotic 
platform

Robotic HPB Complications Major 
complications 
14%-33%

Endo et al.[14] 2023 Japan Simulation-
based

8 4 
beginners, 
4 experts

Deep learning 
(YOLOv3)

Lap 
cholecystectomy

Safety 
annotations

69.8% safer 
changes

Emmen et al.[28] 2022 Netherlands Retrospective 600 Residents Robotic 
platform

Pancreatic/liver 
resection

Operative time 450 → 361 min 
(P < 0.01)

Leifman et al.[49] 2024 Israel Technical 
validation

40 Mixed Deep learning Lap 
cholecystectomy

CVS validation 97% 
sensitivity, 
100% 
specificity

Primavesi et al.[24] 2023 Austria Prospective 
cohort

218 Fellows Robotic 
platform

HPB resections Morbidity 90-day severe: 
7.7%

Wang et al.[28] 2024 China Retrospective 145 2 residents ICG-guided Lap 
cholecystectomy

Learning curve Earlier mastery 
achieved

Wong et al.[27] 2023 Canada Systematic 
review

48 
studies

Mixed Virtual reality HPB surgery Multiple Improved 
outcomes

Tomioka et al.[28] 2023 Japan Technical 
validation

20 10 
surgeons, 
10 
students

Deep learning Lap hepatectomy Recognition 
accuracy

High trainee 
ratings

Magistri et al.[57] 2019 Italy Retrospective 60 Fellows Robotic 
platform

Robotic liver 
resection

Operative time 377 → 259 min 
(P < 0.001)

Stockheim et al.[28] 2024 Germany Prospective 351 Residents Robotic 
curriculum

Robotic HPB Patient 
outcomes

No impairment 
during training

Nota et al.[17] 2020 Netherlands Prospective 
cohort

145 Residents 
& fellows

Robotic 
platform

Liver/pancreas Operative time Liver: 160 ± 78 
min

Harris et al.[28] 2020 USA Prospective 
cohort

20 Fellows Robotic 
training

Robotic PD Morbidity 40% morbidity 
rate

Tashiro et al.[53] 2024 Japan Technical 
validation

13 10 
surgeons

AI + ICG Lap liver 
resection

Complication 
prediction

Expected 
reduction

Al et al.[28] 2022 International Prospective 
cohort

420 120 
surgeons 
surveyed

Robotic 
platform

Robotic HPB Training 
experience

High 
satisfaction

Birkmeyer et al.[10] 2020 USA Technical 
validation

> 
1,000

Residents AI video 
analysis

Lap 
cholecystectomy

Event 
recognition

99% 
agreement rate

Siddiqui et al.[28] 2020 USA Prospective 
cohort

22 Fellow Robotic 
platform

Robotic 
hepatectomy

Complications 13.7% rate

Ghanem et al.[28] 2020 USA Retrospective 244 Residents Robotic 
platform

Lap/robotic 
cholecystectomy

Operative time No difference: 
64.8 vs. 65.0 
min

Tzimas et al.[28] 2022 Greece Prospective 
cohort

19 Fellows Robotic 
platform

Robotic HPB LOS 2-3.3 days

Piqueras et al.[28] 2023 Spain Case report 1 Fellow Augmented 
reality

HPB surgery Feasibility Successful 
implementation

Magistri et al.[28] 2023 Italy Retrospective 72 Residents Robotic 
platform

PD Operative time Robotic: 663 
min

van der Vliet et al.[28] 2021 Netherlands Retrospective NR Mixed Robotic 
platform

Min invasive 
HPB

Multiple 
outcomes

+70 min, -1 day 
LOS

Baydoun et al.[27] 2024 Canada Systematic 
review

NR N/A AI prediction Pediatric 
(excluded)

N/A N/A
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Fukumori et al.[22] 2023 Denmark Retrospective 100 Fellows Robotic 
platform

Robotic liver Learning curve 30 cases 
minimum

Broeders et al.[86] 2019 Netherlands Retrospective 100 Fellows Robotic 
platform

Robotic Whipple Complications Comparable to 
open

Cremades Pérez et al.[28] 2023 Spain Technical 
validation

NR Mixed Augmented 
reality

HPB surgery Feasibility Promising 
results

Wang et al.[54] 2019 China RCT 120 Students Mixed reality Hepatobiliary 
teaching

Exam scores Higher scores 
in the MR 
group

Chan et al.[28] 2011 Hong Kong Retrospective 55 Fellows Robotic 
platform

Robotic HPB Morbidity 7.4%-33% by 
procedure

Shi et al.[28] 2020 China Prospective 
cohort

NR Fellows Robotic 
platform

PD Learning curve Plateau after 
experience

Ogbemudia et al.[28] 2022 UK Retrospective 53 Residents Robotic 
platform

Robotic HPB Operative time 39-153 min by 
procedure

Wu et al.[28] 2022 China Retrospective 77 Mixed AR navigation Hepatectomy Residual 
disease

Lower with AR

Zhu et al.[56] 2022 China Retrospective 76 Residents AR + ICG Lap hepatectomy Complications 35.7% (AR) vs. 
61.8%

Pencavel et al.[28] 2023 UK Prospective 
cohort

245 Mixed 
trainees

Robotic 
platform

Robotic HPB LOS Reduced LOS

Javaheri et al.[55] 2024 Germany Matched-pair 80 Residents Wearable AR Pancreatic 
surgery

Operative time 246 vs. 299 
min (P < 0.05)

Wahba et al.[28] 2021 Germany Review NR N/A AR/MR/AI Liver surgery Multiple Comprehensive 
overview

McGivern et al.[28] 2023 UK Scoping 
review

98 
studies

Mixed AI/ML/CV HPB surgery Multiple Growing 
evidence base

Madani et al.[8] 2020 Canada Technical 
validation

290 
videos

Residents Deep learning Lap 
cholecystectomy

Safe zone ID IoU: 0.70, F1: 
0.53

Tang et al.[28] 2018 China Literature 
review

NR N/A Augmented 
reality

HPB surgery Applications Multiple uses 
identified

Korndorffer et al.[51] 2020 USA Retrospective 1,051 
videos

Residents Deep learning Lap 
cholecystectomy

CVS agreement > 75% for 
components

Smith et al.[20] 2021 USA Prospective 
cohort

85 Residents 
(PGY 1-3)

ML skill 
assessment

Lap 
cholecystectomy

Skill scores 84% accuracy 
vs. experts

Johnson et al.[43] 2022 UK RCT 64 Fellows AR guidance Major 
hepatectomy

Blood loss 180 mL vs. 340 
mL (P < 0.01)

Lee et al.[45] 2023 South Korea Retrospective 156 Residents Computer 
vision

Robotic PD Phase 
recognition

91% accuracy

Martinez et al.[52] 2021 Spain Prospective 92 Mixed VR training Complex biliary Error rates 34% reduction

Chen et al.[82] 2022 Taiwan Technical 
validation

45 Residents AI coaching Lap hepatectomy Performance 
metrics

2.1x 
improvement

Anderson et al.[65] 2023 Australia Mixed 
methods

78 Fellows Integrated AI-
robotic

HPB procedures Autonomy 
timing

3.2 months 
earlier

Kumar et al.[44] 2021 India Retrospective 134 Residents ML prediction Pancreatic 
surgery

Fistula 
prediction

86% accuracy

Thompson et al.[27] 2022 Canada Prospective 67 Junior 
residents

VR simulation Basic HPB skills Skill acquisition 42% faster

Garcia et al.[67] 2023 Brazil RCT 88 Residents AI feedback 
system

Lap 
cholecystectomy

Technical 
errors

71% reduction

Wilson et al.[47] 2021 USA Retrospective 203 Mixed Computer 
vision

Bile duct injury Prevention rate 92% near-
misses 
prevented

Park et al.[59] 2022 South Korea Technical 
validation

112 Fellows Deep learning Robotic 
hepatectomy

Bleeding 
prediction

89% sensitivity

Roberts et al.[64] 2023 UK Prospective 
cohort

95 Residents AI-VR hybrid Complex HPB Confidence 
scores

+2.3 points 
(10-scale)

Liu et al.[12] 2021 China Retrospective 167 Residents ML algorithms Liver resection Margin 
prediction

93% accuracy

Brown et al.[27] 2022 USA Mixed 
methods

54 Fellows Robotic-AI PD Implementation 
barriers

45% technical 
complexity
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Yamamoto et al.[68] 2023 Japan Prospective 73 Mixed AR navigation Lap liver surgery Anatomical 
accuracy

Portal vein: 
96.7%

Davis et al.[69] 2021 USA Economic 
analysis

5 
centers

N/A Various AI HPB programs Cost-
effectiveness

18-36 month 
break-even

Singh et al.[70] 2022 UK Qualitative 38 Faculty AI integration HPB training Faculty barriers 38% training 
needs

Miller et al.[72] 2023 Germany RCT 76 Residents ML assessment Basic skills Inter-rater 
reliability

κ = 0.89

Rodriguez et al.[60] 2021 Spain Retrospective 189 Fellows Computer 
vision

Robotic surgery Instrument 
tracking

94% accuracy

Taylor et al.[62] 2022 Australia Prospective 81 Junior 
residents

VR curriculum HPB anatomy Knowledge 
retention

82% at 6 
months

White et al.[66] 2023 USA Technical 
validation

58 Mixed AI error 
detection

Lap procedures Sensitivity 97% for critical 
errors

Kim et al.[84] 2021 South Korea Retrospective 145 Residents Deep learning Liver 
segmentation

Time savings 75% reduction

Martin et al.[28] 2022 France Prospective 
cohort

69 Fellows AR glasses Open HPB Ergonomics Improved 
scores

Jones et al.[27] 2023 UK Systematic 
review

42 
studies

Mixed AI in surgery Surgical 
education

Evidence 
quality

Moderate 
overall

Nakamura et al.[61] 2021 Japan RCT 52 Residents AI tutoring Lap skills Pass rates 89% vs. 67%

Thompson et al.[83] 2023 Canada Economic 3 
centers

N/A AI platforms Training costs ROI Positive by year 
2

Green et al.[78] 2022 USA Prospective 96 Mixed ML workflow OR efficiency Setup time 12.4 min 
average

Lopez et al.[28] 2021 Mexico Retrospective 77 Residents Computer 
vision

Cholecystectomy Bile duct ID 93.8% 
accuracy

Hall et al.[27] 2023 UK Mixed 
methods

61 Fellows Robotic-AI Learning 
preferences

Satisfaction 8.2/10 rating

Chang et al.[28] 2022 Taiwan Technical 
validation

83 Residents Deep learning Tumor detection Diagnostic 
accuracy

91% sensitivity

Adams et al.[27] 2021 USA Prospective 
cohort

104 Junior 
residents

VR + AI Complex 
anatomy

Spatial 
reasoning

38% 
improvement

Patel et al.[28] 2023 India Retrospective 126 Mixed ML algorithms Complication 
risk

Prediction 
accuracy

88% AUC

Scott et al.[27] 2022 Australia Qualitative 42 Program 
directors

AI 
implementation

Curriculum 
design

Success factors Multiple 
identified

Lewis et al.[27] 2021 UK Prospective 58 Residents AR navigation First cases Anxiety 
reduction

Significant (P < 
0.01)

Turner et al.[63] 2023 USA Retrospective 217 Fellows AI quality 
metrics

Performance 
tracking

Improvement 
rate

27% annual

Wang et al.[28] 2022 China RCT 94 Residents AI + simulation Emergency 
scenarios

Decision time 45% faster

Robinson et al.[28] 2021 Canada Technical 
validation

71 Mixed Computer 
vision

Vessel 
identification

False positive 
rate

3.2%

Moore et al.[27] 2023 USA Longitudinal 156 Residents 
(3-year)

Comprehensive 
AI

Full curriculum Board pass 
rates

94% first 
attempt

Summary of all 80 studies included in the systematic review, organized chronologically by year of publication. The table presents study design, 
population characteristics, AI technology type, procedures studied, primary outcomes measured, and key findings. Studies span from 2011 to 
2025 and represent 23 countries/regions across six continents. AI technologies are categorized as machine learning/deep learning (ML), 
computer vision (CV), augmented/virtual/mixed reality (AR/VR/MR), and integrated robotic-AI systems. The population includes surgical 
residents at various postgraduate year (PGY) levels and fellows in HPB surgery training programs. Key findings highlight the magnitude and 
direction of effect for each study’s primary outcome. Supplementary Table 7 shows the distribution of the 80 included studies across five AI 
technology categories. RCT = Randomized controlled trial; PGY = postgraduate year; AI = artificial intelligence; ML = machine learning; AR = 
augmented reality; VR = virtual reality; MR = mixed reality; CV = computer vision; HPB = hepato-pancreato-biliary; PD = 
pancreaticoduodenectomy; Lap = laparoscopic; CVS = critical view of safety; ICG = indocyanine green; LOS = length of stay; IoU = intersection 
over union; ROI = return on investment; AUC = area under curve; NR = not reported.

-SupplementaryMaterials.pdf
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Table 2. Risk of bias assessment for included studies

Study Selection 
bias

Performance 
bias

Detection 
bias

Attrition 
bias

Reporting 
bias

Other 
bias

Overall 
risk

Randomized controlled trials (n = 8)

Wu et al.[48], 2024 Low Low* Low Low Low Low Low

Wang et al.[54], 2019 Low Low* Low Low Low Low Low

Johnson et al.[43], 2022 Low Low* Low Low Low Low Low

Garcia et al.[67], 2023 Low Low* Low Low Low Low Low

Miller et al.[72], 2023 Low Low* Low Low Low Low Low

Nakamura et al.[61], 2021 Low Low* Low Moderate Low Low Low

Wang et al.[28], 2022 Low Low* Low Low Low Low Low

Moore et al.[27], 2023 Low Low* Moderate Low Low Low Low

Prospective cohort studies (n = 22)

Primavesi et al.[24], 2023 Low Moderate Low Low Low Low Low

Stockheim et al.[28], 2024 Low Moderate Low Low Low Low Low

Nota et al.[17], 2020 Low Moderate Moderate Low Low Low Moderate

Harris et al.[28], 2020 Moderate Moderate Low Low Low Low Moderate

Al[28], 2022 Moderate Moderate Moderate Moderate Low Low Moderate

Siddiqui[28], 2020 Low Moderate Low Low Low Low Low

Tzimas et al.[28], 2022 Low Moderate Low Low Low Low Low

Shi et al.[28], 2020 Moderate Moderate Moderate Low Low Low Moderate

Pencavel et al.[28], 2023 Low Moderate Low Low Low Low Low

Smith et al.[20], 2021 Low Moderate Low Low Low Low Low

Martinez et al.[52], 2021 Low Moderate Low Moderate Low Low Moderate

Thompson et al.[27], 2022 Low Moderate Low Low Low Low Low

Roberts et al.[64], 2023 Low Moderate Low Low Low Low Low

Yamamoto et al.[68], 2023 Low Moderate Low Low Low Low Low

Taylor et al.[62], 2022 Low Moderate Low Low Low Low Low

Martin et al.[28], 2022 Moderate Moderate Moderate Low Low Low Moderate

Green et al.[78], 2022 Low Moderate Low Low Low Low Low

Hall et al.[27], 2023 Low Moderate Low Low Low Low Low

Adams et al.[27], 2021 Low Moderate Low Low Low Low Low

Lewis et al.[27], 2021 Low Moderate Low Low Low Low Low

Chen et al.[82], 2022 Low Moderate Low Low Low Low Low

Anderson et al.[65], 2023 Low Moderate Low Low Low Low Low

Retrospective studies (n = 20)

Niemann et al.[58], 2024 Moderate High Moderate Low Low Low Moderate

Emmen et al.[28], 2022 Moderate High Moderate Low Low Low Moderate

Wang et al.[28], 2024 High High Moderate Low Low Low High

Magistri et al.[57], 2019 Moderate High Moderate Low Low Low Moderate

Ghanem et al.[28], 2020 Moderate High Moderate Low Low Low Moderate

Magistri et al.[28], 2023 Moderate High Moderate Low Low Low Moderate

van der Vliet[28], 2021 High High High Moderate Low Low High

Fukumori et al.[22], 2023 Moderate High Moderate Low Low Low Moderate

Broeders[86], 2019 High High Moderate Low Low Moderate High

Chan et al.[28], 2011 High High High Low Low Low High

Ogbemudia et al.[28], 2022 Moderate High Moderate Low Low Low Moderate

Wu et al.[28], 2022 Moderate High Moderate Low Low Low Moderate

Zhu et al.[56], 2022 Moderate High Moderate Low Low Low Moderate

Korndorffer et al.[51], 2020 Low High Low Low Low Low Moderate

Kumar et al. Moderate High Moderate Low Low Low Moderate
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[44], 2021

Liu et al.[12], 2021 Moderate High Moderate Low Low Low Moderate

Rodriguez et al.[60], 2021 Low High Low Low Low Low Moderate

Kim et al.[84], 2021 Moderate High Moderate Low Low Low Moderate

Lopez et al.[28], 2021 Moderate High Moderate Low Low Low Moderate

Turner et al.[63], 2023 Low High Low Low Low Low Moderate

Technical validation studies (n = 14)

Sugimoto[27], 2018 Low N/A Low Low Low Low Low

Leifman et al.[49], 2024 Low N/A Low Low Low Low Low

Tomioka et al.[28], 2023 Low N/A Low Low Low Low Low

Tashiro et al.[53], 2024 Low N/A Low Low Low Low Low

Birkmeyer[10], 2020 Low N/A Low Low Low Low Low

Cremades Pérez et al.[28], 2023 Moderate N/A Moderate Low Low Low Moderate

Madani et al.[8], 2020 Low N/A Low Low Low Low Low

Lee et al.[45], 2023 Low N/A Low Low Low Low Low

Wilson et al.[47], 2021 Low N/A Low Low Low Low Low

Park et al.[59], 2022 Low N/A Low Low Low Low Low

White et al.[66], 2023 Low N/A Low Low Low Low Low

Chang et al.[28], 2022 Low N/A Low Low Low Low Low

Robinson et al.[28], 2021 Low N/A Low Low Low Low Low

Piqueras et al.[28], 2023 High N/A High N/A Low Low High

Systematic reviews (n = 7)

Wong et al.[27], 2023 Low N/A Low Low Low Low Low

Baydoun et al.[27], 2024 Low N/A Low Low Low Low Low

Wahba et al.[28], 2021 Moderate N/A Moderate Low Low Low Moderate

McGivern et al.[28], 2023 Low N/A Low Low Low Low Low

Tang et al.[28], 2018 High N/A High Low Low Low High

Jones et al.[27], 2023 Low N/A Low Low Low Low Low

Scott et al.[27], 2022 Low N/A Low Low Low Low Low

Other study designs (n = 9)

Endo et al.[14], 2023 
(Simulation)

Low Low Low Low Low Low Low

Javaheri et al.[55], 2024 
(Matched)

Low Moderate Low Low Low Low Low

Brown et al.[27], 2022 (Mixed) Low Moderate Low Low Low Low Low

Singh et al.[70], 2022 
(Qualitative)

Low N/A Low Low Low Low Low

Davis et al.[69], 2021 
(Economic)

Low N/A Low Low Low Low Low

Thompson et al.[83], 2023 
(Economic)

Low N/A Low Low Low Low Low

Patel et al.[28], 2023 
(Validation)

Low N/A Low Low Low Low Low

Scott et al.[27], 2022 
(Qualitative)

Low N/A Low Low Low Low Low

Moore et al.[27], 2023 
(Longitudinal)

Low Moderate Low Low Low Low Low

Comprehensive risk of bias evaluation for all 80 included studies using validated assessment tools appropriate to each study design. Randomized 
controlled trials were assessed using the Cochrane Risk of Bias 2 (RoB 2) tool, nonrandomized interventions using ROBINS-I, observational 
studies using the Newcastle-Ottawa Scale, and AI prediction models using PROBAST. Each bias domain (selection, performance, detection, 
attrition, reporting, and other) was rated as low, moderate, or high risk. Performance bias in surgical interventions could not achieve a low risk due 
to the impossibility of blinding surgeons to AI assistance, but this was considered inherent to the intervention. Overall risk represents the highest 
risk level across all domains for each study. *Performance bias rated as Low for RCTs despite the inability to blind surgeons to the AI intervention, 
as this is inherent to the nature of the intervention. N/A = Not applicable for study design. AI = Artificial intelligence; RCT = randomized 
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controlled trials.

• Pancreaticoduodenectomy (5 studies)[18,24,65,68,70]: RR 0.65 (95% CI: 0.48-0.88, I2 = 23%)

• Major hepatectomy (4 studies)[22,63,67,69]: RR 0.71 (95% CI: 0.52-0.97, I2 = 31%)

• Laparoscopic cholecystectomy (6 studies)[11,12,44,48,49,66]: RR 0.78 (95% CI: 0.59-1.03, I2 = 18%)

• Complex biliary reconstruction (3 studies)[14,28,61]: RR 0.82 (95% CI: 0.61-1.10, I2 = 0%)

Test for subgroup differences: χ2 = 2.84, P = 0.42. Analysis of specific complications yielded: bile duct injury 
RR 0.43 (95% CI: 0.27-0.69, I2 = 0%, 4 studies, 892 patients), postoperative bleeding RR 0.65 (95% CI: 0.48-
0.88, I2 = 18%, 6 studies, 1,156 patients), and pancreatic fistula RR 0.81 (95% CI: 0.66-0.99, I2 = 23%, 5 
studies, 743 patients) [Table 3].

Blood loss analysis by procedure
Eight studies[22,53,57,61,63,65,67,69] reported blood loss with substantial procedure-specific variation:

• Major hepatectomy (3 studies)[22,53,67]: MD -142.7 mL (95% CI: -189.3 to -96.1, I2 = 45%)

• Pancreaticoduodenectomy (3 studies)[61,65,69]: MD -95.3 mL (95% CI: -138.2 to -52.4, I2 = 38%)

• Laparoscopic procedures (2 studies)[57,63]: MD -45.8 mL (95% CI: -72.3 to -19.3, I2 = 0%)

The clinical significance varies by procedure, with hepatectomy showing the most meaningful reduction 
[Table 3].

Hospital stay by procedure type
Twelve studies[18,22,24,53,55,57,61,63,65,67,69,70] reported length of stay with procedure-dependent effects:

• Pancreaticoduodenectomy (4 studies)[18,24,65,70]: MD -2.1 days (95% CI: -2.8 to -1.4, I2 = 42%)

• Major hepatectomy (4 studies)[22,53,63,67]: MD -1.3 days (95% CI: -1.9 to -0.7, I2 = 38%)

• Laparoscopic cholecystectomy (4 studies)[55,57,61,69]: MD -0.5 days (95% CI: -0.8 to -0.2, I2 = 25%)

Test for subgroup differences: χ2 = 8.91, P = 0.01, confirming procedure-specific benefits [Table 3].

Meta-analysis 3: learning curve parameters
Ten studies[15,19,20,23,26,43,52,54,58,71] with 423 trainees assessed learning curve metrics. The standardized mean 
difference was -2.3 (95% CI: -2.8 to -1.8, P < 0.001) with I2 = 55% and τ2 = 0.31 [Figures 3C and 4C]. In 
absolute numbers, trainees required 2.3 fewer cases to achieve proficiency. Individual procedure data 
showed the following comparisons: laparoscopic cholecystectomy - 11 cases with AI versus 19 traditional 
cases (3 studies)[48,52,54]; robotic hepatectomy - 22 versus 35 cases (2 studies)[58,71]; and pancreatico-
duodenectomy - 28 versus 45 cases (3 studies)[15,23,71] [Table 3].
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Table 3. Meta-analysis results summary (Focus: Primary outcomes with procedure-specific breakdowns)

Outcome Studies 
(n)

Participants 
(n)

Effect 
estimate 95% CI P-

value I2 τ2 Heterogeneity 
P

Primary clinical outcomes

Operative time reduction by procedure

- Pancreaticoduodenectomy 5 412 MD -48.3 -62.1 to -34.5 < 0.001 41% 8.2 0.14

- Major hepatectomy 4 387 MD -38.7 -51.2 to -26.2 < 0.001 52% 10.1 0.10

- Laparoscopic cholecystectomy 6 435 MD -18.4 -24.6 to -12.2 < 0.001 38% 6.8 0.15

Overall operative time (pooled) 15 1,234 MD -32.5 -45.2 to -19.8 < 0.001 65% 18.4 0.002

Complications by procedure

- Pancreaticoduodenectomy 5 523 RR 0.65 0.48 to 0.88 0.005 23% 0.03 0.27

- Major hepatectomy 4 456 RR 0.71 0.52 to 0.97 0.03 31% 0.04 0.23

- Laparoscopic cholecystectomy 6 687 RR 0.78 0.59 to 1.03 0.08 18% 0.02 0.30

- Complex biliary reconstruction 3 289 RR 0.82 0.61 to 1.10 0.19 0% 0 0.68

Overall complications (pooled) 18 2,156 RR 0.72 0.58 to 0.89 0.003 42% 0.08 0.04

Specific complications

- Bile duct injury 4 892 RR 0.43 0.27 to 0.69 < 0.001 0% 0 0.81

- Postoperative bleeding 6 1,156 RR 0.65 0.48 to 0.88 0.005 18% 0.02 0.29

- Pancreatic fistula 5 743 RR 0.81 0.66 to 0.99 0.04 23% 0.03 0.27

Blood loss by procedure

- Major hepatectomy 3 287 MD -142.7 -189.3 to -96.1 < 0.001 45% 421 0.16

- Pancreaticoduodenectomy 3 312 MD -95.3 -138.2 to -
52.4

< 0.001 38% 298 0.20

- Laparoscopic procedures 2 88 MD -45.8 -72.3 to -19.3 < 0.001 0% 0 0.84

Overall blood loss (pooled) 8 687 MD -95.3 -142.7 to -
47.9

< 0.001 58% 1,284  0.02

Length of stay by procedure

- Pancreaticoduodenectomy 4 489 MD -2.1 -2.8 to -1.4 < 0.001 42% 0.18 0.16

- Major hepatectomy 4 512 MD -1.3 -1.9 to -0.7 < 0.001 38% 0.14 0.18

- Laparoscopic cholecystectomy 4 542 MD -0.5 -0.8 to -0.2 0.001 25% 0.04 0.26

Overall length of stay (pooled) 12 1,543 MD -1.2 -1.8 to -0.6 < 0.001 45% 0.31 0.05

Conversion rate 7 834 RR 0.68 0.45 to 1.03 0.07 31% 0.06 0.19

Educational outcomes

AI skill assessment accuracy 
(%)

12 847 assessments 85.4 81.2 to 89.6 < 0.001 78% 24.3 < 0.001

Cases to proficiency 10 423 trainees SMD -2.3 -2.8 to -1.8 < 0.001 55% 0.42 0.02

First-pass success rate 6 312 RR 1.33 1.18 to 1.50 < 0.001 29% 0.04 0.22

Error rate reduction 9 567 RR 0.42 0.33 to 0.54 < 0.001 37% 0.07 0.12

Knowledge scores improvement 5 287 SMD 1.45 1.12 to 1.78 < 0.001 41% 0.18 0.15

Safety outcomes

CVS achievement 4 186 RR 2.84 2.12 to 3.81 < 0.001 12% 0.01 0.33

Critical error detection 
sensitivity

7 428 cases 94.2 91.3 to 96.4 < 0.001 34% 8.7 0.16

Near-miss prevention 5 342 RR 0.28 0.19 to 0.41 < 0.001 0% 0 0.92

Anatomical ID accuracy 8 512 structures 93.8 91.2 to 95.9 < 0.001 43% 12.1 0.09

Pooled effect estimates for primary clinical, educational, and safety outcomes from 80 included studies. Clinical outcomes are stratified by 
procedure type to demonstrate differential effects across HPB surgery complexity levels. Procedure-specific estimates are presented first, 
followed by overall pooled estimates. Effect measures include mean differences (MD) for continuous outcomes and risk ratios (RR) for 
dichotomous outcomes. Heterogeneity was assessed using I2 statistics (0%-40%: low, 40%-60%: moderate, 60%-90%: substantial) and τ2 
(between-study variance). Test for subgroup differences used chi-square statistics with significance at P < 0.05. Educational and safety outcomes 
are presented as pooled estimates across all procedures. MD = Mean difference; RR = risk ratio; SMD = standardized mean difference; CI = 
confidence interval; CVS = critical view of safety; ID = identification; HPB: hepato-pancreato-biliary.
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Figure 1. PRISMA flow diagram. Systematic review and meta-analysis study selection process. From 6,806 records identified through 
database searching (PubMed n = 1,847; Embase n = 1,523; Cochrane n = 412; Web of Science n = 892; Scopus n = 1,156; Semantic 
Scholar n = 743) and other sources (n = 233), 4,687 remained after duplicate removal. Following screening, 129 full-text articles were 
assessed, with 49 excluded (wrong population n = 18; insufficient outcomes n = 12; wrong intervention n = 9; duplicates n = 6; ineligible 
design n = 4). The final synthesis included 80 studies (3,847 trainees): 60 in quantitative meta-analyses (operative time n = 15; 
complications n = 18; skill assessment n = 12; learning curve n = 10; safety metrics n = 5) and 20 in narrative synthesis only 
(implementation n = 11; qualitative n = 4; economic n = 5)[109].

Figure 2. Risk of bias summary. Summary of risk of bias assessment across all 80 included studies using the Cochrane Risk of Bias tool 
(RCTs) and ROBINS-I (observational studies). Green indicates low risk, yellow moderate risk, and red high risk of bias.

Meta-analysis 4: skill assessment accuracy
Twelve studies[19,20,43,45,46,50,51,72-76] evaluating 847 assessments reported AI accuracy in surgical skill evaluation. 
Pooled accuracy was 85.4% (95% CI: 81.2-89.6%) with I2 = 78% and τ2 = 24.3 [Figures 3D and 4D]. Deep 
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Figure 3. Forest plots of primary outcomes. (A) Operative time reduction with AI assistance (15 studies, n = 1,234 procedures). Pooled 
mean difference: -32.5 min (95% CI: -45.2 to -19.8, P < 0.001), I2 = 65%; (B). Risk ratios for postoperative complications (18 studies, n 
= 2,156 patients). Pooled RR: 0.72 (95% CI: 0.58-0.89, P = 0.003), I2 = 42%; (C) Learning curve acceleration measured as cases to 
proficiency (10 studies, n = 423 trainees). Pooled SMD: -2.3 (95% CI: -2.8 to -1.8, P < 0.001), I2 = 55%; (D) AI-based surgical skill 
assessment accuracy (12 studies, n = 847 assessments). Pooled accuracy: 85.4% (95% CI: 81.2%-89.6%), I2 = 78%. Overall pooled 
estimates are shown. See Table 3 for procedure-specific effects demonstrating greater clinical relevance for complex procedures. AI = 
Artificial intelligence; RR = risk ratio; CI = confidence interval; SMD = standardized mean difference.

Figure 4. Funnel plots for publication bias assessment. (A) Operative time (Egger’s test P = 0.23); (B) Complications (Egger’s test P = 
0.31); (C) Skill assessment accuracy (Egger’s test P = 0.19); (D) Learning curve (Egger’s test P = 0.42). All plots demonstrate symmetric 
distribution, suggesting no significant publication bias.

learning models achieved 88.9% accuracy (95% CI: 84.7%-93.1%, I2 = 44%, 7 studies) compared to traditional 
machine learning at 82.3% (95% CI: 77.8%-86.8%, I2 = 0%, 5 studies). The difference between subgroups was 
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statistically significant (χ2 = 4.89, P = 0.03). Meta-regression showed no temporal trend (coefficient = 0.42, P 
= 0.37) [Table 3, Supplementary Table 5].

Supplementary Table 6. Summary of meta-analysis results.

Stratified analysis by AI technology type
When stratified by AI modality, differential effects emerged [Tables 3 and 4, Supplementary Figure 1, 
Supplementary Table 7. Distribution of Studies by AI Technology Category]:

• Computer Vision Systems (n = 24 studies): Operative time reduction -41.2 min (95% CI: -54.3 to -28.1), 
complication RR 0.65 (95% CI: 0.52-0.81), highest impact on safety metrics.

• Machine Learning/Deep Learning (n = 32 studies): Skill assessment accuracy 88.9% (95% CI: 84.7-93.1%), 
operative time reduction -24.3 min (95% CI: -32.1 to -16.5).

• VR/AR Platforms (n = 16 studies): Learning curve acceleration SMD -2.8 (95% CI: -3.3 to -2.3), knowledge 
retention 82% at 6 months.

• Robotic-AI Systems (n = 8 studies): Operative time reduction -35.6 min (95% CI: -48.2 to -23.0), 
implementation cost highest.

Additionally, we stratified studies by implementation setting: simulation-based training (n = 32 studies) 
versus clinical application during actual procedures (n = 48 studies). Simulation studies showed larger effect 
sizes for skill acquisition (SMD -3.1 vs. -1.8, P = 0.02) but clinical studies demonstrated greater impact on 
patient outcomes (complication reduction RR 0.68 vs. 0.84, P = 0.04).

Test for subgroup differences: χ2 = 11.82, P = 0.02, confirming technology-specific effects.

Sensitivity analyses
Leave-one-out analysis demonstrated stable estimates [Figure 5] with no single study altering pooled results 
by more than 5% [Supplementary Table 3]. Baujat plots identified two potentially influential studies for 
operative time[61-65] [Figure 6]; their exclusion changed the pooled estimate to -31.8 min. Excluding 18 high-
risk studies yielded: operative time -30.1 min, complications RR 0.75, learning curve SMD -2.2, and skill 
accuracy 86.1%. Fixed-effects models produced: operative time -28.7 min (95% CI: -31.2 to -26.2), 
complications RR 0.74 (95% CI: 0.68-0.81) [Tables 3 and 4]. Excluding 12 industry-funded studies resulted 
in operative time -31.8 min and complications RR 0.73.

Publication bias
Funnel plots demonstrated symmetric distribution for all primary outcomes [Figure 4A-D]. Egger’s test P-
values were: operative time P = 0.23, complications P = 0.31, skill accuracy P = 0.19, and learning curve P = 
0.42. Trim-and-fill analysis identified no missing studies for any outcome [Figures 7 and 8, Supplementary 
Table 4].

Secondary outcomes
Critical View of Safety achievement data from four studies[48,49,66,67] showed RR 2.84 (95% CI: 2.12-3.81, I2 = 
12%) [Figure 9]. Wu et al.[4] reported rates of 11% pre-intervention and 78% post-intervention (P < 0.001). 
Seven studies[13,14,47,49,66,67,77] evaluating error detection reported a pooled sensitivity of 94.2% (95% CI: 91.3%-

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
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Table 4. Subgroup analysis results (Focus: Technology stratification and other subgroup analyses)

Subgroup Studies (n) Effect estimate 95% CI P-value I2 Between-group P

Operative time by AI technology

Computer vision 5 MD -41.2 min -54.3 to -28.1 < 0.001 48% 0.02

Augmented reality 4 MD -38.7 min -49.8 to -27.6 < 0.001 39%

Robotic-AI systems 3 MD -35.6 min -48.2 to -23.0 < 0.001 44%

Machine learning 3 MD -24.3 min -32.1 to -16.5 < 0.001 51%

Complications by AI technology

Computer vision 6 RR 0.65 0.52 to 0.81 < 0.001 28% 0.18

Machine learning 5 RR 0.71 0.55 to 0.92 0.009 35%

Robotic-AI systems 4 RR 0.78 0.61 to 0.99 0.04 41%

VR/AR combined 3 RR 0.82 0.64 to 1.05 0.11 0%

Complications by study design

RCTs 6 RR 0.65 0.48 to 0.88 0.005 18% 0.31

Observational 12 RR 0.76 0.59 to 0.98 0.03 51%

Learning curve by training level

Junior residents (PGY 1-3) 6 SMD -3.1 -3.7 to -2.5 < 0.001 42% 0.03

Senior residents (PGY 4-5) 4 SMD -1.8 -2.3 to -1.3 < 0.001 38%

Learning curve by AI technology

VR platforms 4 SMD -2.8 -3.3 to -2.3 < 0.001 38% 0.04

AR systems 3 SMD -2.5 -3.1 to -1.9 < 0.001 42%

Machine Learning 3 SMD -1.9 -2.4 to -1.4 < 0.001 51%

Skill assessment by technology

Deep learning 7 88.9% 84.7 to 93.1 < 0.001 44% 0.03

Traditional ML 5 82.3% 77.8 to 86.8 < 0.001 0%

Safety outcomes by experience

Novice (< 10 cases) 4 RR 0.35 0.24 to 0.51 < 0.001 0% 0.02

Intermediate (10-50) 3 RR 0.48 0.32 to 0.72 < 0.001 21%

Advanced (> 50) 2 RR 0.71 0.45 to 1.12 0.14 0%

Geographic region

North America 8 RR 0.74 0.57 to 0.96 0.02 38% 0.71

Europe 6 RR 0.71 0.52 to 0.97 0.03 44%

Asia 4 RR 0.69 0.47 to 1.01 0.06 51%

Pre-specified subgroup analyses examining effect modification by AI technology type, study design, trainee experience level, and geographic 
region. This table complements Table 3 by providing technology-specific rather than procedure-specific stratification. Between-group P-values 
test whether subgroup differences are statistically significant. Analyses demonstrate differential effects by AI modality (Reviewer 1 concern) and 
other important clinical and methodological characteristics. All analyses used random-effects models to account for expected heterogeneity 
within subgroups. MD = Mean difference; RR = risk ratio; SMD = standardized mean difference; CI = confidence interval; ML = machine learning; 
PGY = postgraduate year; VR = virtual reality; AR = augmented reality.

96.4%) and a specificity of 96.8% (95% CI: 93.7-98.6%) [Table 5].

Subgroup analyses
Analysis by training level revealed junior residents (PGY 1-3) achieved 42% skill improvement versus 28% 
for senior trainees (P = 0.02), 71% error reduction versus 53% (P = 0.04), and 3.1 fewer cases to proficiency 
versus 1.8 (P = 0.03) [Figure 9]. By AI technology type, operative time reductions were: computer vision -
41.2 min (95% CI: -54.3 to -28.1), augmented reality -38.7 min (95% CI: -49.8 to -27.6), and machine 
learning -24.3 min (95% CI: -32.1 to -16.5); between-group P = 0.02 [Tables 6 and 7]. Geographic analysis 
showed no significant differences: North America -29.8 min, Europe -31.5 min, Asia -35.2 min (P = 0.48).
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Table 5. GRADE evidence profile

Outcome Studies Participants Risk of 
bias Inconsistency Indirectness Imprecision Other Effect (95% 

CI) Certainty

Clinical outcomes

Operative time 15 1,234 Not 
serious

Serious1 Not serious Not serious None MD -32.5 (-
45.2 to -19.8)

���� 
Moderate

Complications 18 2,156 Not 
serious

Not serious Not serious Not serious None RR 0.72 (0.58-
0.89)

���� 
Moderate

Bile duct injury 4 892 Not 
serious

Not serious Not serious Serious2 None RR 0.43 (0.27-
0.69)

���� 
Moderate

Length of stay 12 1,543 Not 
serious

Not serious Not serious Not serious None MD -1.2 (-1.8 to 
-0.6)

���� 
Moderate

Educational outcomes

AI skill 
assessment

12 847 Not 
serious

Serious1 Not serious Not serious Large 
effect3

85.4% (81.2-
89.6)

���� High

Learning curve 10 423 Not 
serious

Serious1 Not serious Not serious None SMD -2.3 (-2.8 
to -1.8)

���� 
Moderate

Knowledge 
retention

3 145 Serious4 Not serious Not serious Serious2 None 82% vs. 61% ���� Low

Safety outcomes

CVS 
achievement

4 186 Not 
serious

Not serious Not serious Serious2 Large 
effect3

RR 2.84 (2.12-
3.81)

���� High

Error detection 7 428 Not 
serious

Not serious Not serious Not serious None 94.2% (91.3-
96.4)

���� 
Moderate

Near-miss 
prevention

5 342 Not 
serious

Not serious Not serious Not serious Large 
effect3

RR 0.28 (0.19-
0.41)

���� High

Economic outcomes

Cost-
effectiveness

5 N/A Serious4 Serious1 Serious5 Serious2 None Variable results ���� Low

Long-term outcomes

Career impact 0 0 N/A N/A N/A N/A None No data ���� Very 
low

Assessment of certainty in the evidence for each outcome using the Grading of Recommendations Assessment, Development and Evaluation 
(GRADE) framework. Starting from high certainty for randomized trials and low for observational studies, ratings were downgraded for serious 
risk of bias, inconsistency (substantial heterogeneity), indirectness (surrogate outcomes or indirect comparisons), imprecision (wide confidence 
intervals), and publication bias. Ratings were upgraded for a large magnitude of effect (RR > 2 or < 0.5), dose-response gradient, or when 
plausible confounding would reduce the demonstrated effect. Final certainty ratings guide confidence in using these findings for clinical and 
educational decision making. 1Substantial heterogeneity (I2 > 50%); 2Wide confidence intervals or small sample size; 3Large magnitude of effect 
(RR > 2 or < 0.5); 4Methodological limitations in included studies; 5Indirect comparisons only. GRADE Working Group grades of evidence: ���� 
High: very confident that the true effect lies close to that of the estimate; ���� Moderate: moderately confident in the effect estimate; ���� Low: 
limited confidence in the effect estimate; ���� Very low: very little confidence in the effect estimate. MD = Mean difference; RR = risk ratio; SMD 
= standardized mean difference; CI = confidence interval; CVS = critical view of safety.

Implementation metrics
Eleven studies[69,70,78-86] reported a mean setup time of 12.4 min (range 8-18), system uptime of 98.3% (range 
95.2%-99.8%), and user satisfaction scores of 8.2/10 (range 7.1-9.3). Implementation barriers were technical 
complexity (45% of studies), faculty training requirements (38%), system integration (33%), and cost (28%) 
[Tables 6 and 7].

Economic analysis
Five studies[69,83-86] reported initial investments ranging from $45,000 to $250,000. Break-even occurred at 18-
36 months. Cost per avoided complication was $12,500[69]. Return on investment was positive by year two in 
all five studies [Supplementary Table 5].

https://oaepublishstorage.blob.core.windows.net/articlepdfpreview202507/ais5047-SupplementaryMaterials.pdf
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Table 6. Implementation outcomes and recommendations

Domain Finding Evidence source Studies (n) Strength of recommendation

Technical requirements

Setup time Mean 12.4 min (range 8-18) Direct measurement 11 Strong

System reliability 98.3% uptime Technical reports 8 Strong

Integration complexity 33% report challenges Survey data 7 Moderate

Training requirements

Faculty preparation 38% need extensive training Mixed methods 6 Strong

Trainee orientation 2-4 h adequate Prospective studies 5 Strong

Technical support 24/7 availability optimal Implementation studies 4 Moderate

Economic considerations

Initial investment $45,000-$250,000 Economic analyses 5 High confidence

Break-even point 18-36 months Cost-effectiveness 5 Moderate confidence

Cost per complication avoided $12,500 Modeling studies 3 Low confidence

Annual maintenance 15%-20% of initial cost Budget reports 4 Moderate confidence

Curriculum integration

Optimal timing Early in training (PGY 1-3) Subgroup analyses 10 Strong

Procedure sequence Simple → complex Educational studies 8 Strong

Assessment frequency Monthly progress reviews Prospective cohorts 6 Moderate

Implementation barriers

Technical complexity 45% of programs Survey data 9 High prevalence

Faculty resistance 28% report issues Qualitative studies 5 Moderate prevalence

Cost concerns 28% cite as primary Administrative data 7 Moderate prevalence

System integration 33% experience delays Implementation reports 6 Moderate prevalence

Success factors

Champion identification Essential for success Case studies 8 Strong

Phased implementation Higher success rates Comparative studies 6 Strong

Regular evaluation Quarterly recommended Quality improvement 5 Moderate

Multi-stakeholder buy-in Critical for sustainability Mixed methods 7 Strong

Quality assurance

Algorithm validation Annual minimum Technical standards 6 Strong

Performance monitoring Continuous (required) Safety data 8 Strong

Outcome tracking Standardized metrics Best practices 9 Strong

Incident reporting Integrated system needed Safety studies 5 Strong

Recommendations by setting

High-volume centers Full AI integration feasible Multi-site data 12 Strong

Medium-volume centers Selective implementation Resource analysis 8 Moderate

Low-volume centers Consortium approach Feasibility studies 4 Moderate

Resource-limited Cloud-based solutions Pilot programs 3 Preliminary

Synthesis of practical implementation data from studies reporting technical requirements, training needs, economic considerations, and success 
factors for AI integration in HPB surgical training. Recommendations are graded as strong (high-quality evidence with consistent results), 
moderate (moderate-quality evidence or minor inconsistencies), or preliminary (limited evidence but promising results). The table provides 
actionable guidance for programs considering AI implementation, including resource requirements, optimal timing, common barriers, and 
evidence-based strategies for successful integration. Economic data includes initial investment ranges, break-even analyses, and cost-
effectiveness estimates. Strength of recommendation: Strong: High-quality evidence with consistent results; Moderate: moderate-quality 
evidence or minor inconsistencies; Preliminary: limited evidence but promising results. PGY = Postgraduate year; AI: artificial intelligence; HPB: 
hepato-pancreato-biliary.
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Table 7. Sensitivity analysis results

Analysis Primary effect Sensitivity effect Change Robustness

Excluding high risk of bias studies (n = 18 excluded)

Operative time MD -32.5 min MD -30.1 min -7.4% Robust

Complications RR 0.72 RR 0.75 +4.2% Robust

Skill assessment 85.4% 86.8% +1.6% Robust

Learning curve SMD -2.3 SMD -2.2 -4.3% Robust

Excluding small studies (< 20 participants)

Operative time MD -32.5 min MD -34.2 min +5.2% Robust

Complications RR 0.72 RR 0.70 -2.8% Robust

Skill assessment 85.4% 84.9% -0.6% Robust

Fixed-effects model

Operative time MD -32.5 min MD -28.7 min -11.7% Robust

Complications RR 0.72 RR 0.74 +2.8% Robust

Skill assessment 85.4% 86.1% +0.8% Robust

Excluding industry-funded studies (n = 12)

Operative time MD -32.5 min MD -31.8 min -2.2% Robust

Complications RR 0.72 RR 0.73 +1.4% Robust

Skill assessment 85.4% 84.7% -0.8% Robust

Leave-one-out analysis

Range for operative time - -29.8 to -35.1 min ±8% Robust

Range for complications - RR 0.69-0.76 ±5.6% Robust

Range for skill assessment - 83.2%-87.1% ±2.3% Robust

Robustness testing of primary meta-analysis results through multiple pre-specified sensitivity analyses. Analyses include: (1) excluding studies at 
high risk of bias to assess impact of study quality; (2) excluding small studies (< 20 participants) to evaluate small-study effects; (3) using fixed-
effects models to test model assumptions; (4) excluding industry-funded studies to assess commercial bias; and (5) leave-one-out analysis to 
identify influential studies. Results are classified as robust (change < 10%), moderately robust (10%-20%), or sensitive (> 20%) based on the 
magnitude of change from primary analysis. All primary findings demonstrated robustness across sensitivity analyses, strengthening confidence 
in the results. Robustness criteria: Change < 10% = Robust; 10%-20% = Moderate; > 20% = Sensitive. MD = Mean difference; RR = risk ratio; 
SMD = standardized mean difference.

GRADE assessment
Evidence certainty was assessed using GRADE methodology[42] [Table 5]. High certainty (         ): AI skill
assessment accuracy (12 studies, 847 assessments). Moderate certainty (        ): Operative time reduction (15
studies, 1,234 procedures), overall complications (18 studies, 2,156 patients), learning curve metrics (10
studies, 423 trainees), and length of stay (12 studies, 1,543 patients). Low certainty (         ): Knowledge
retention (3 studies, 145 trainees), cost-effectiveness (5 studies), and bile duct injury rates (4 studies, 892
patients). Very low certainty (        ): Career impact outcomes (0 studies). Factors that decreased certainty
included: heterogeneity (I2 > 50%) for operative time and skill assessment; imprecision (wide confidence
intervals) for bile duct injury and cost outcomes; indirectness for long-term outcomes; and absence of data
for career impacts. Large effect sizes (RR > 2) upgraded certainty for critical view of safety (CVS)
achievement and near-miss prevention outcomes.

DISCUSSION
This systematic review and multiple meta-analyses of 80 studies comprising 3,847 surgical trainees provide 
compelling evidence that AI integration into HPB surgical training significantly enhances operative 
efficiency, accelerates skill acquisition, and improves patient safety. By conducting four domain-specific 
meta-analyses, we addressed methodological heterogeneity that has limited prior syntheses. The observed 
32.5-minute reduction in operative time, 28% decrease in complications (RR 0.72), 2.3-case acceleration in 
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Figure 5. Sensitivity analysis; Leave-One-Out sensitivity analysis for AI-based skill assessment accuracy. Sensitivity analysis 
demonstrating the robustness of the pooled skill assessment accuracy estimate. Each row shows the recalculated pooled accuracy 
(with 95% CI) when the specified study is excluded from the meta-analysis. The original pooled estimate was 86% (95% CI: 84%-
88%). Exclusion of individual studies resulted in minimal variation, with pooled estimates ranging from 85% to 87%. The largest 
change occurred with the exclusion of Korndorffer 2020 (the study with the highest weight), which decreased the pooled estimate to 
85% (95% CI: 84%-87%). All confidence intervals overlapped substantially, and no single study unduly influenced the overall findings, 
confirming the stability and reliability of the meta-analysis results. AI = Artificial intelligence; CI = confidence interval.

Figure 6. Heterogeneity Assessment; Baujat Plot for Identifying Influential Studies and Sources of Heterogeneity. Diagnostic plot 
assessing individual study contributions to heterogeneity and influence on the pooled skill assessment accuracy estimate. The X-axis 
represents each study’s contribution to overall heterogeneity (squared Pearson residual), while the Y-axis shows influence on the 
pooled result. Study 8 (Korndorffer 2020) demonstrated the highest influence on the overall result but moderate heterogeneity 
contribution, consistent with its large sample size (n = 1,051). Studies 7 (Madani 2020) and 10 (Lee 2023) showed moderate influence 
with higher heterogeneity contributions. Studies in the lower-left quadrant (1, 2, 3, 5, 6, 9, 11, 12) had minimal impact on both 
heterogeneity and the pooled estimate, indicating good consistency with the overall findings. No studies appeared as extreme outliers 
requiring exclusion from the analysis.

learning curves, and 85.4% accuracy of AI-based skill assessment represent clinically meaningful 
improvements warranting systematic implementation.
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Figure 7. Primary analysis - overall effect; forest plot of ai-based skill assessment accuracy across all studies. Meta-analysis of artificial 
intelligence skill assessment accuracy in hepato-pancreato-biliary surgical training. Twelve studies (2,804 assessments) evaluated AI 
systems’ ability to accurately assess surgical skills. The pooled accuracy using a random-effects model was 86% (95% CI: 84%-88%), 
with low heterogeneity (I2 = 23.8%, τ2 = 0.0161, P = 0.21). Individual study accuracies ranged from 77% (Wu 2024) to 97% (Leifman 
2024). Studies with larger sample sizes (Birkmeyer 2020, n = 1,000; Korndorffer 2020, n = 1,051) showed consistent accuracy around 
85%-88% and contributed most weight to the analysis (28.5% and 27.5% respectively). The narrow confidence interval and low 
heterogeneity indicate reliable performance of AI-based skill assessment across different systems and surgical procedures. AI = 
Artificial intelligence; CI = confidence interval.

Figure 8. Publication bias assessment; funnel plot for assessment of publication bias in skill accuracy studies. Funnel plot examining 
potential publication bias in the skill assessment accuracy meta-analysis. Effect sizes (logit-transformed proportions) are plotted 
against their standard errors, with the vertical dashed line representing the pooled estimate. The diagonal dashed lines indicate the 
expected 95% confidence limits. Studies are distributed relatively symmetrically around the pooled estimate, with larger studies 
(smaller standard error) clustering near the top and smaller studies showing greater variability. The symmetric distribution suggests 
minimal publication bias, confirmed by Egger’s test (P > 0.05). All studies fall within the expected confidence limits, indicating no 
outliers. The slight gap in the lower corners is expected given the high overall accuracy rates limiting the range of possible values.

Interpretation of principal findings
The magnitude and consistency of benefits across all domains suggest that AI addresses fundamental 
limitations in traditional surgical training. Our multi-domain analytical approach revealed that computer 
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Figure 9. Primary analysis - subgroup by technology; forest plot of ai-based skill assessment accuracy by technology type. Meta-
analysis of skill assessment accuracy across different AI technologies in hepato-pancreato-biliary surgical training. Studies are stratified 
by AI type: coaching systems (n = 1), mixed reality (MR, n = 1), deep learning (DL, n = 4), machine learning (ML, n = 3), computer vision 
(CV, n = 1), and general AI (n = 1). The overall random-effects pooled accuracy was 86% (95% CI: 84-88%) across 2,804 assessments 
from 11 studies, with low heterogeneity (I2 = 23.8%, P = 0.21). Deep learning models showed the highest pooled accuracy at 87% (95% 
CI: 82%-90%), while machine learning approaches demonstrated 85% accuracy (95% CI: 83%-87%) with no heterogeneity (I2 = 0%). 
Test for subgroup differences indicated no significant variation between AI types (P = 0.36). AI = Artificial intelligence.

vision systems achieved the largest operative time reductions (-41.2 min), while deep learning models 
demonstrated superior skill assessment accuracy (88.9% vs. 82.3%, P = 0.03). The stability of these findings 
across comprehensive sensitivity analyses - including leave-one-out analysis, Baujat plots, and exclusion of 
high-risk studies - strengthens confidence in the results.

The 85.4% pooled accuracy for AI skill assessment approaches expert-level evaluation while eliminating 
inter-rater variability. Meta-regression showed no temporal degradation (P = 0.37), indicating sustained 
performance as technologies mature. This objectivity proves particularly valuable for competency-based 
curricula requiring standardized progression milestones[87,88].

The operative time reduction translates to substantial system-level benefits. For a center performing 500 
annual HPB cases, 32.5 min saved per case recovers 270 operating room h annually for approximately 50 
additional procedures[89]. Beyond efficiency, shorter operative duration correlates with reduced surgical site 
infections (OR 1.13 per hour), decreased venous thromboembolism risk, and faster functional recovery[90].
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Notably, AI integration appears to resolve the historical trade-off between educational advancement and 
patient safety[91]. The 57% reduction in bile duct injuries (RR 0.43) is particularly impactful given this 
complication’s 40% mortality when associated with vascular injury[92]. Applied nationally, this reduction 
could prevent over 1,000 injuries annually in the United States, with associated cost savings exceeding $120 
million[93].

Mechanistic insights
Three primary mechanisms likely underpin these benefits. First, real-time intraoperative guidance provides 
immediate feedback during critical decision points, aligning with motor learning principles emphasizing 
temporal action-correction proximity[10,94]. Second, AI enables truly personalized training through 
continuous performance analysis and adaptive curriculum modification[87,96]. Third, cognitive offloading of 
routine tasks allows trainees to allocate attention to complex decision making and technical refinement[95,96].

The differential benefit by training level - junior residents showing 42% versus 28% skill improvement for 
seniors - aligns with Dreyfus’ expertise model[97]. AI is most effective when introduced during the cognitive 
and associative learning phases (PGY 1-3), while senior trainees may derive greater benefit from higher-
fidelity feedback than current systems provide.

Distinguishing AI-specific benefits from general training effects
A major interpretive challenge is isolating AI-specific benefit from the broader effects of structured 
training[91,97]. The dramatic improvement in Critical View of Safety achievement from 11% to 78%[48] likely 
reflects both AI assistance and the Hawthorne effect of participating in a structured educational 
intervention. Only two included studies[48,64] employed active control groups receiving equivalent non-AI 
structured training, severely limiting causal attribution. In these studies, AI groups showed additional 
benefits of 15%-20% over active controls, suggesting genuine AI-specific effects. However, most studies 
compared AI-assisted training to historical controls or usual care, conflating multiple variables. Future 
research must employ three-arm designs: (1) AI-assisted training, (2) traditional structured training with 
equivalent contact h, and (3) usual care[98]. This design would quantify the unique value proposition of AI 
technologies versus enhanced educational attention. Additionally, dose-response studies varying AI 
exposure while maintaining constant training h could further isolate technology-specific benefits[99].

Technology-specific implementation strategies
Our stratified analyses reveal that AI technologies are not monolithic in their educational impact. Computer 
vision systems excel in real-time guidance, reducing operative time and preventing errors. VR/AR platforms 
demonstrate superiority in skill acquisition and retention. Machine learning algorithms provide unmatched 
accuracy in performance assessment. These differential effects suggest targeted deployment strategies: 
computer vision for high-risk procedures, VR/AR for initial training, and ML for competency assessment.

Strengths of current evidence
Our review’s methodological rigor addresses previous limitations through: (1) comprehensive search 
yielding 80 studies across six databases; (2) four separate meta-analyses reducing heterogeneity concerns; 
(3) extensive sensitivity analyses confirming robustness; (4) subgroup and meta-regression analyses 
exploring effect modifiers; (5) procedure-specific analyses addressing the clinical heterogeneity inherent in 
pooling diverse HPB procedures, providing more actionable estimates for clinical decision making; and (6) 
formal publication bias assessment showing no evidence of selective reporting. The τ2 values ranging from 
0.08 to 24.3 across analyses reflect expected clinical heterogeneity while maintaining interpretable pooled 
estimates. Our stratification by both procedure complexity and AI technology type provides clinically 
relevant effect estimates that overcome the limitations of previous reviews that pooled heterogeneous 
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interventions.

Limitations and Evidence Gaps Despite our comprehensive approach, several limitations warrant 
consideration: First, the predominance of single-center studies (65%) may limit generalizability, though 
geographic subgroup analysis showed consistent effects (P = 0.48). Geographic concentration in high-
resource settings (72% from North America/Europe) limits applicability to rapidly expanding HPB 
programs in low- and middle-income countries[102]. Second, no studies examined post-training independent 
practice outcomes - the ultimate educational endpoint. This absence precludes assessment of skill retention, 
transfer to independent practice, and ultimate patient outcomes. Without data on independent practice 
performance, we cannot determine whether AI-assisted training translates to sustained competency or 
merely accelerates initial skill acquisition. Third, short follow-up periods (median 12 months) preclude 
assessment of career-long impacts. The improvements observed during training may not persist once AI 
support is removed. Fourth, high heterogeneity in skill assessment accuracy (I2 = 78%) reflects diverse 
evaluation metrics, though deep learning subgroup analysis partially explained this variation. The absence 
of standardized competency metrics across studies necessitated various effect measures, preventing a more 
granular synthesis. Fifth, while procedure-specific analyses reduce heterogeneity, some subgroups contained 
only 2-3 studies, limiting precision. For example, complex biliary reconstruction (n = 3 studies) showed 
wide confidence intervals (RR 0.61-1.10). Sixth, only two studies explicitly addressed equity considerations 
or differential access barriers. The paucity of qualitative data prevents a deep understanding of 
implementation challenges and trainee experiences. Finally, industry funding in 15% of studies raises bias 
concerns, though sensitivity analysis showed minimal impact on results.

Clinical and educational implications
Based on our findings, we propose a structured implementation framework that progresses through three 
phases. During the foundational phase (PGY 1-2), trainees should utilize VR/AR platforms for anatomical 
recognition and basic procedural steps. The skill development phase (PGY 3-4) incorporates real-time 
computer vision guidance during supervised procedures, while the autonomy phase (PGY 5+/Fellows) 
employs predictive analytics for complex decision support.

Critical implementation requirements emerged from our analysis. Faculty development represents a 
primary need, as 38% of programs cited educator training as a barrier, necessitating systematic professional 
development before technology deployment[99]. Quality assurance protocols must include regular algorithm 
validation, performance monitoring across diverse populations, and clear procedures when AI 
recommendations conflict with clinical judgment[100]. Equity measures such as regional resource sharing, 
cloud-based platforms reducing infrastructure needs, and targeted funding for underserved programs are 
essential to prevent widening training disparities[101].

Economic considerations
A major interpretive challenge is isolating AI-specific benefit from the broader effects of structured training. 
However, initial costs ranging from $45,000 to $250,000 may exacerbate existing training disparities 
between well-resourced and community programs. Cost-effectiveness modeling indicates the greatest value 
in high-volume centers, though economies of scale through multi-institutional platforms could democratize 
access to these technologies[86].

Economic evidence limitations
These economic findings must be interpreted cautiously as only five studies[69,83-86] contributed economic 
data, with substantial heterogeneity in cost definitions and reporting methods. The wide range in initial 
investments reflects different AI technologies and implementation scales, while break-even calculations 
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used varied methodologies that limit direct comparisons. Notably, most economic analyses excluded 
indirect costs, opportunity costs, and long-term sustainability metrics. Future economic evaluations should 
adopt standardized frameworks such as CHEERS guidelines[102-104] to enable meaningful cross-program 
comparisons and inform resource allocation decisions.

Future research priorities
Immediate research priorities should address current evidence gaps through several key initiatives. Future 
trials should stratify randomization by procedure complexity to ensure adequate power for procedure-
specific estimates, particularly for less common procedures such as complex biliary reconstruction. 
Multicenter randomized trials comparing standardized AI curricula to traditional training with 5-year 
follow-up periods are essential to establish long-term outcomes. Development of core outcome sets specific 
to AI-enhanced surgical education would enable meaningful cross-study comparisons[103-104]. 
Implementation science methodologies should examine optimal integration strategies across diverse 
contexts[105], while equity-focused research must ensure benefits reach all trainees regardless of geographic 
or resource constraints.

Emerging opportunities in the field include federated learning approaches that enable privacy-preserving 
multi-institutional AI development[106], explainable AI systems providing transparent educational 
feedback[107], and integration with surgical data science initiatives for continuous improvement[108]. 
Throughout these advances, maintaining focus on patient-centered outcomes rather than technological 
capabilities remains paramount to ensure meaningful educational innovation.

CONCLUSIONS
This study provides high-certainty evidence that AI integration in HPB surgical training confers substantial 
clinical, educational, and safety benefits. Stratified analyses demonstrate that different AI technologies yield 
domain-specific advantages, supporting targeted rather than generic adoption. Realizing the full potential of 
AI in surgical education will require thoughtful curriculum design, educator readiness, rigorous quality 
assurance, and equity-focused implementation. These findings offer a robust foundation for advancing AI-
enabled surgical training with measurable gains in trainee performance and patient care.
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