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tracking, and skill-assessment). Forty-one unique performance metrics were reported, with predominant use of
discrimination-style summary measures (e.g., accuracy, recall, F1score), and comparatively sparse reporting of class
imbalance, boundary-aware (e.g., Hausdorff distance) or real-time workflow factors (e.g., latency/stability, interface
design, surgeon feedback). External validation was described in 13 (12%) studies. Nine studies (8%) referenced
artificial intelligence-specific reporting frameworks.

Conclusion: Surgical CV-Al is advancing technically, but remains predominantly at an early feasibility stage.
Variability in current metric application and limited real-time clinical evaluation limit potential for comparability,
applicability and widespread adoption. Standardised metrics, evaluation frameworks, prospective clinical trials, and
collaborative end-user engagement are critical to translate conceptual promise to reliable real-time decision-support
tools that support surgeon judgement and integrate seamlessly into routine operative workflows.

INTRODUCTION

Computer vision (CV)-based artificial intelligence (AI) (CV-AI) systems in general surgery are rapidly
evolving, driven by substantial advances in image-based computational analysis"?. Video footage captured
during minimally invasive surgical procedures can be leveraged and analysed in real-time using CV
machine-learning techniques, with potential to automate surgical phase recognition, anatomical landmark
identification, instrument tracking, and objective skill-assessment tasks" .. Through integration into routine
operative workflows, CV-AI is poised to significantly enhance surgical performance and
decision-making”*. These efforts are broadly classified under three quality-improvement domains: superior
patient safety or outcomes, enhanced surgeon training, and optimisation of theatre processes.

Robust quantitative measures are essential for evaluating surgical CV-AI systems, with metric selection often
specific to the task addressed™*”. Classification models, such as for phase recognition and operative-difficulty
grading, typically report accuracy, precision, recall/sensitivity, F1 score, or area under
receiver-operating-curve (AUROC), reflecting prediction and class-balance'>*""). Object-detection tasks such
as instrument tracking employ spatial metrics such as intersection-over-union (IoU) and mean average
precision (mAP), evaluating positional accuracy™. Segmentation models, for identifying anatomical or
instrument boundaries, frequently apply Dice coefficient and IoU, quantifying overlap with ground-truth
segmentations!>'>"*. Collectively, these metrics facilitate performance benchmarking and comparative
analyses between algorithms"”\. Although current CV-AI literature in general surgery largely comprises
retrospective feasibility studies, a diverse set of approaches and metrics have been reported*"). This
variability reinforces the need to assess how CV-Al is evaluated as systems advance toward clinical
integration, establishing the basis for evaluation of surgeon-centred measures such as impact on cognitive
load, end-user experience, and patient outcomes!'®'>'*. Defining the contemporary CV-Al landscape also
serves as a necessary step toward developing standardised evaluation frameworks supporting clinically
applicable real-time deployment of surgical intelligence in the operating theatre®'>'>'7),

The primary aim of this scoping review was to map contemporary CV-AI task domains and performance
metrics used to evaluate them within general surgery, clarifying current CV-AI translational gaps toward
safe, clinician-facing decision-support within the operating theatre. Secondary aims were to characterise
clinical-readiness signals, including extent of real-time intraoperative integration, workflow integration
features, and uptake of recognised reporting guidelines.

METHODS

This study was conducted in accordance with Joanna Briggs Institute (JBI) methodology for scoping
reviews'"®). The PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analysis
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extension for Scoping Reviews) checklist was completed [Supplementary Figure 1] The protocol was
registered a priori on Open Science Framework (https://osf.io/xgyv).

Eligibility criteria

Peer-reviewed studies of any design meeting all the following criteria were included: (1) specific to the
discipline of general surgery or its subspecialties; (2) evaluated laparoscopic or robot-assisted surgical
procedures; (3) described a CV-Al system; and (4) performed retrospective or prospective analyses. Open
procedures were excluded given the requirement for continuous visual data input, such as that provided by
laparoscopic cameras. Studies that described minimally invasive transanal surgical techniques, endoluminal
endoscopic or radiological CV-AI or those lacking practical intraoperative relevance for surgeons (including
commercial platforms primarily providing automated retrospective case-feedback without directly assessing
algorithm performance), were excluded. Studies that reported a subset of general surgical operations were
eligible if the findings were stratified accordingly and metrics were reported separately. Conference abstracts
and study protocols were also excluded.

Search strategy

Eligible studies were identified by systematic literature search of the MEDLINE, Embase, PubMed, and
Scopus databases. Search terms included a combination of: (laparoscopic OR robotic) AND (surgical video
OR computer vision) AND (artificial intelligence). Boolean operators AND and OR were used to connect the
search terms. The search was restricted to studies published in peer-reviewed journals in English-text only.
All studies published between 1 June 2015 and 1 June 2025 were eligible. Reference lists of included articles
were examined, with citation tracking and hand-searching also performed. Search records were imported
into EndNote (EndNote 20, Clarivate, Philadelphia, PA, USA), with duplications removed. Covidence review
software was used for screening and full-text review (Covidence, Veritas Health Innovation, Melbourne,
Australia).

Data extraction and synthesis

All titles and abstracts retrieved were screened by a single reviewer (JB) due to feasibility constraints. To
mitigate selection bias, eligibility criteria were pre-specified per the registered protocol, with uncertainties
regarding application of eligibility criteria resolved through consensus discussion with senior authors
(SC/TE). Studies satisfying the eligibility criteria proceeded to full-text review. Results from each study were
tabulated in a spreadsheet with data charted in accordance with JBI guidelines'. Detailed quantitative
syntheses combining individual study results and formal critical appraisals/risk-of-bias assessments were not
performed, as this lay outside the exploratory objectives of this scoping review.

RESULTS

Search results and study characteristics

Four hundred and ninety articles were screened by title and abstract following removal of duplicate entries.
Forty-nine full-text articles underwent eligibility assessment, with a further 11 excluded. Reference and
citation tracking yielded an additional 75 publications, manually checked to confirm structural similarity,
resulting in 113 studies™ ' in the final dataset [Figure 1]. An increasing trend in annual CV-AlI publications
was observed [Figure 2]. Fifty-five studies (47%) evaluated general procedures, mainly in laparoscopic
cholecystectomy (LC) [Table 1]. Colorectal and upper gastrointestinal procedures were the most frequently
studied subspecialty domains, accounting for 25% and 19% of studies. The predominant focus was utility of
CV-Al in laparoscopic procedures (89%), with robot-assisted applications comprising the remainder (11%).
Training datasets ranged between five and 700 surgical videos”.
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Figure 1. PRISMA flowchart. ‘Records excluded at title/abstract screening stage failed to meet all of the following inclusion criteria: (1)
specific to general surgery or its subspecialties; (2) evaluated laparoscopic or robot-assisted procedures; (3) described a computer vision
(CV)-based artificial intelligence (Al) system; (4) performed retrospective or prospective analyses. Conference abstracts and study
protocols were also excluded.

Task domains and performance metrics

Five principal CV-AI task domains were identified, with performance metric selection dependent on the task
evaluated [Table 2]. Anatomy detection and phase recognition were prioritised, evaluated in 88 studies
(78%). Anatomical detection models were used for identifying important surgical landmarks such as the
cystic duct/artery?”’***?|_common bile duct (CBD)"7*>"*2%l ‘pancreas!*”’, ileocolic vessels"””, inferior
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Figure 2. Computer vision-based artificial intelligence (CV-Al) publication trend over time. Data are current as of 1June 2025.

Table 1. Included studies by surgical subspecialty and procedures

Subspecialty Studies (n,  pyocedures (n)
%)’
General surgery 55 (47) Laparoscopic cholecystectomy (47), laparoscopic inguinal hernia repair' (7), robot-assisted

inguinal hernia repair (1)

Laparoscopic colon resection, right (2); laparoscopic colon resection, left (including high
Colorectal surgery 29 (25) anterior resection) (15), laparoscopic rectal resection (including low anterior resection) (1),
other laparoscopic colorectal procedures! (8), robot-assisted rectal procedures? (3)

Endocrine 2(2) Laparoscopic adrenalectomy (2)

Laparoscopic hepatectomy (4), laparoscopic pancreatectomy (Whipple or distal) (2),

Hepatopancreatobiliary 76 robotic pancreatojejunostomy (1)

Transplant (D Laparoscopic donor hepatectomy (1)

Laparoscopic/thoracoscopic oesophagectomy (1), laparoscopic gastrectomy (total or
22 (19) distal)! (7), laparoscopic sleeve gastrectomy (2), laparoscopic gastric bypass (3), other
laparoscopic procedures’ (1), robotic gastrectomy (5), robotic oesophagectomy (3)

Upper gastrointestinal/bariatric
surgery

Summary counts of included studies by subspecialty and representative procedures. ‘Studies involving multiple procedures counted separately
within each relevant subspecialty discipline; fincludes TEP (totally extraperitoneal) and TAPP (transabdominal preperitoneal) approaches; fIncludes
combinations of listed procedures if analysed collectively, and ileocaecal resection, Hartmann's procedure, intersphincteric dissection,
abdominoperineal resection, and pelvic exenteration; fincludes robot-assisted anterior resection, intersphincteric resection, abdominoperineal
resection, and rectal extirpations; lincludes radical gastrectomy with D2 lymphadenectomy; “Includes exploratory laparoscopy for gastric
malignancy.

mesenteric artery!®’, ureter®**>**, and recurrent laryngeal nerve (RLN)"*"; as well as providing important
contextual features, such as distinguishing ‘safe’ from ‘unsafe’ zones of dissection”>’*'*), confirming
satisfactory exposure prior to mesh placement in hernia repair', or automatically confirming the critical
view of safety (CVS) in LC*»*»77>7%223) Conversely, phase recognition models segmented operations into
defined steps. Phase definitions were heterogeneous; for example, LC was segmented into between four and
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Table 2. Task domains and performance metrics

Typical Number of
Task domain Description evaluation Example use cases studies
metrics (%)*

* Segmentation of LC into defined operative
phases[za,az,aa,swﬂ]

« Step-level recognition in pancreaticojejunostomy
during robotic pancreatoduodenectomy??!

* Phase-mapping in laparoscopic sleeve
gastrectomy!**)

Procedure-step

classification 38 (34)

Phase recognition Accuracy, F1score

» Automatic verification of the CVS in LC267731
« Ureter segmentation during left-sided colorectal

Dice coefficient, loU resections>+6288981 56 (50)
« Vessel segmentation of the SMV/ICA/ICV in right
hemicolectomy®”)

Landmark detection and

Anatomy identification .
segmentation

« Real-time bleeding detection in colorectal
resections(248]

Action-event Event or manoeuvre » Automated operative-difficulty grading in LC, e.g.,
™ . Accuracy, F1score X o . , 17 (15)
recognition detection using scarring/inflammation scoring!?°010%1
« Perfusion-adequacy of colorectal anastomosis using
ICG fluorescence
« Presence/absence detection of instruments in the
operative field during LCr631761
Instrument tracking Tool presence and Accuracy, mAP, loU « Continuous tool-trajectory tracking integrated with 18 (16)

phase recognition in LC?
« Instrument segmentation for laparoscopic colorectal
procedureste®

trajectory tracking

« Surgical-field-based skill scoring correlated with

ESSQS performance in sigmoid colectomy>0>%1

« Objective dissection-efficiency metric in colorectal
surgery® 6(5)
« Composite competency scoring combining action
detection, instrument metrics and phase recognition

in LC271

Automated performance  Accuracy,

Skill-assessment ; ; .
scoring correlation statistics

“Studies evaluating multiple tasks counted separately under each relevant domain. LC: Laparoscopic cholecystectomy; mAP: mean average
precision; loU: intersection-over-union; CVS: critical view of safety; SMV: superior mesenteric vein; ICA: ileocolic artery; ICV: ileocolic vein; ICG:
indocyanine-green; ESSQS: Endoscopic Surgical Skill Qualification System.

12 constituent phases, with few papers accommodating common real-world variances such as intraoperative
cholangiogram or CBD exploration”****l, Several authors denoted additional phases such as ‘out of body’,
‘idle’, ‘bleeding’ or ‘P0’ (redundant phase), to improve overall precision and accuracy 1%,

Action or event recognition tasks identified discrete intraoperative events, capturing key details indicative of

67,77,90,123

increased procedural complexity or risk, such as scarring, inflammation! |, specific surgical actions
(dissecting, clipping, coagulating, and suctioning), dissection exposure quality, and operative-difficulty
scoring?h2e293e4112027] Tngtrument tracking tasks monitored instrument movement, presence, or field
entry/exit?*°7*°l, Skill-assessment was the least-represented task domain, inferring surgeon performance by
combining tissue handling, dissection efficiency, and blood loss; composite measures included Global
Operative Assessment of Laparoscopic Skills (GOALS), Endoscopic Surgical Skill Qualification System
(ESSQS), and efficient-dissection time ratio (tissue-dissection time per monopolar device appearance
time)*>*2#°+1221 Apnnotation methods for training CV-AI models were poorly described, typically completed
by expert surgeons from the host institution. Agreement between expert surgeons was suboptimal, even
within studies'""”. Reference standards for annotating training protocols were seldom reported; among those
cited, the Society of American Gastrointestinal and Endoscopic Surgeons (SAGES) consensus statement was
most commonly referenced! ">,
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Table 3. Metric heterogeneity by task domain

Metrics
reported once Most frequently reported metrics (n studies)
within domain

Unique

Task domain .
metrics used

Phase recognition 20 12 Accuracy (29); F1 (19); recall/sensitivity (14); precision (14); loU (4)

Anatomy identification 29 16 Recall/sensitivity (25); Dice coefficient (25); loU (22); precision (17); F1 (15)
Action-event recognition 20 13 Accuracy (10); F1 (5); recall/sensitivity (4); precision (3); Dice coefficient (2)
Instrument tracking 15 7 Accuracy (9); recall/sensitivity (6); precision (6); mAP (6); loU (5)
Skill-assessment 7 2 Accuracy (4); recall/sensitivity (4); AUROC (2); correlation (2); specificity (2)

Total counts represent number of studies within each task domain reporting a given metric (unique metrics, reported once within domain). loU:
Intersection-over-union; F1: F1score (harmonic mean of precision and recall); mAP: mean average precision; AUROC: area under
receiver-operating-curve.

Table 4. Study stage and evaluation setting of included studies

Study stage/evaluation setting Studies (n, %)*
Feasibility
Retrospective 93(82.3)
Retrospective with simulation component 1(0.9)
Retrospective with real-time experimental verification 7(6.2)
Prospective real-time 5(4.4)
Validation
Retrospective 7(6.2)

"Study stage categories are descriptive, with each included study assigned to a single primary study stage for summary reporting.

Forty-one unique performance metrics were identified across the five task domains (Table 3; full distribution
in Supplementary Table 1). Metric selection was highly heterogenous, with predominant use of
discrimination-style summary measures (e.g., accuracy, recall, F1 score) and comparatively sparse reporting
of class imbalance, boundary-aware (e.g., Hausdorff distance), and real-time workflow factors (e.g.,
latency/stability, interface design, and surgeon feedback).

Deployment stage and validation

All studies were observational, with 93 (82%) retrospective feasibility analyses [Table 4]. Internal model
validation was usually completed using open-access or publicly-listed datasets (such as Cholecso in LC"*" or
LapSig300 in laparoscopic sigmoidectomy®”*') in combination with institutional datasets. External or
multicentric validation was reported in 12% of included studies, typically involving testing on non-local
datasets rather than independent model evaluation. The largest comparative analysis assessed 12 algorithms
on a single LC video dataset, developing the HeiChole benchmark for phase recognition and instrument
detection models"”?. Zang et al. reported a similar comparative analysis evaluating seven phase recognition
models in robot-assisted inguinal hernia repair*". Benchmarking efforts were not reported across the other
task domains. Real-time components comprised both experimental theatre-based evaluations and live
prospective analyses. Several authors advocated for independent evaluation panels to increase objectivity in

model assessment?*2#3,

Real-time applications in theatre

Thirteen studies (129%)2+2302037282509390.99.1191201 degcribed real-time CV-Al implementation [Table 5]. Study
designs were predominantly small, single-centre feasibility or pilot evaluations; including between one and
51 procedures®'">*°\, Participant groups comprised select cohorts, for instance those without prior history of


https://file.oaecenter.com/published/pdf/ed4139bea71288d0921f3b98ab64a6a3/1772260654/ais5076-SupplementaryMaterials.pdf

Page 157 Buchanan et al. Art Int Surg. 2026;6:150-70

abdominal surgery™, or included elective-only procedures*”>*?!. Five studies blinded operating surgeons to
CV-AI outputs, citing ethical considerations***7>*'*l_ Task domains assessed in live analyses included
anatomical landmark detection2*3»s2s3s28696991191201 ' erfygion assessment of colorectal anastomoses'!, CVS
validation”***”!, and phase recognition”>*!. Two real-time studies””* evaluated multi-task CV-AL

Reported endpoints broadly clustered into three groups: (i) technical feasibility/stability (e.g., malfunction
rates, system uptime and intraoperative performance measures such as landmark/nerve detection accuracy),
(ii) workflow/process measures (e.g., timing appropriateness of prompts, latency/frame-rate, and integration
characteristics), and (iii) behavioural or early clinical signals, where a minority assessed surgeon-reported
usability and/or short-term perioperative outcomes. Few real-time studies incorporated comparators or
prespecified clinical endpoints, providing only preliminary signals of clinical efficacy; for example, Mascagni
et al."* reported ‘rate of malfunctions’ as their primary endpoint, while Fujinaga et al. described
‘appropriateness of landmark detection-timing’*®!. In two separate studies, Ryu et al. reported that surgical
intelligence systems improved pelvic nerve detection during left-sided colorectal resections, demonstrating
statistically significant improvements in nerve detection rates independent of surgeon experience**. In one
study, short-term surgical outcomes such as blood loss, operative duration, length of postoperative stay, and
postoperative complication rates were measured, without associated increase in complications*. Leifman et
al. reported increased rate of CVS attainment despite the algorithm outputs not being visible intraoperatively
to surgeons, presumably due to a Hawthorne effect”.

Clinical integration and workflow readiness

Latency, display modality, and activation requirement reporting were inconsistent, constraining cross-study
comparability and confidence in claims of intraoperative readiness. Latency was documented in 28% of
included studies, with inference times ranging between sub-30ms to multi-second delays, illustrating wide

35,39,48,76

variability in technical optimisation! | In real-time analyses, CV-Al outputs were most commonly
displayed as overlays on auxiliary monitors, frequently requiring manual activation rather than operating
fully autonomously?>*7*#*l_ Compatibility across several different endoscopic systems was demonstrated in
only one study"*!. Additionally, surgeon input was elicited in only a subset of studies involving real-time use
[Table 5]C+es2801201 Gydies predominantly collated end-user feedback using Likert scales; however, formal
usability endpoints were uncommon with reporting poorly standardised®**>*>*>'>*l_ Median usefulness-scores
were generally positive (e.g., 3.6/4, 4.2/5)"*"*°), alongside similarly high scores for perceived accuracy (e.g.,
3.3-4.6/5 for postoperative pancreatic fistula in laparoscopic gastrectomy'®”, 4-4.2/5 for CBD detection during
LC™). User interfaces were typically considered under development, with several authors highlighting a
need for optimised visual layout, simplified overlays, or feedback loops; with limited value in their current
form"*"*). Nakanuma et al. reported improved surgeon intraoperative CBD detection with ‘tile-shaped’
compared to ‘bounding box’ display overlays, citing reduced screen flicker as an observed benefit™.

Alignment with implementation and reporting guidelines
Adherence to formal implementation and reporting frameworks was limited [Table 6]. Nine

studiegl*##ss0ss0sz0n100122) (g94) cited standardised reporting guidelines, typically referencing general-imaging
or clinical reporting standards such as BIAS (Biomedical Image Analysis ChallengeS)"*, STARD (Standards
for Reporting Diagnostic Accuracy)"* (excluding the STARD-AI extension"*”'), STROBE (Strengthening the
Reporting of Observational Studies in Epidemiology)"*®, or SQUIRE (Standards for QUality Improvement
Reporting Excellence)"*. Reference to Al-specific frameworks was less frequent, described in 4% of studies:
CLAIM (Checklist for Artificial Intelligence in Medical Imaging)"*>**") or MI-CLAIM (Minimum
Information about Clinical Artificial Intelligence Modeling)""**) appeared in three!**'*>'**, DECIDE-AI
(Developmental and Exploratory Clinical Investigations of DEcision support systems driven by Artificial

143]

Intelligence)"*! in one™!, with SPIRIT-AI (Standard Protocol Items: Recommendations for Interventional
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Table 5. Real-time intraoperative computer vision study characteristics
Procedure
Authors  (number of Study CV-Al Training Real-time Display and Endpoints (group?;
(year) real-time design* function dataset readiness’ surgeon feedback primary; comparator)
cases)
"HyperSeq”: 2,771 frames
_rlyperses from 50 videos Al-overlay on ) .
identification of . 4 B; surgeon perceived
Aoyama et Laparoscopic “dimpling lines"” with 2,493 fps NR - endoscopic camera dimpling line accurac
al.24 P P RTE pling frames from latency 210 image; overall EEC mpling fine Y
gastrectomy (10) (landmarks to . . (five-point Likert scale);
(2024) 45 videos in ms accuracy scores
reduce POPF L NR
training 3.3-4.6/5
occurrence)
dataset
Arpaia et Laparoscopic Maps ICG ROl screen outside Wi ensure
P p P ps 470 frames 30 fps - theatre-compatible
al.? colorectal RTE perfusion at from 11 videos  latency NR theatre; no formal intearation: NR: sureeons
(2022) resection (NR) anastomosis Y feedback teg s NI surg
blinded
!_andrAnAarkA 1,826 frames
identification . .
. from 92 videos W; appropriateness of
. . (CBD, cystic 30 fps - 33 . .
Fujinaga et Laparoscopic duct. S4 (landmark ms (=55 Sub-monitor; landmark-detection
al.B? cholecystectomy  PRT Rou&iere”s detection); hast_e IEC/EEC usefulness  timing; EEC vs.
(2023) (20) sulcus) and 106 videos zis lay) 3.6-3.7/4 Al-landmark detected
. with 10,000 play phases; surgeons blinded
automatic phase
data per phase
cue
10,711 frames
from 252 Display NR; surgeons
Kitaguchi Laparoscopic Ureter and pelvic videos 810 fps - scored 3.7-4.1/5 for T, model output speed
et al.e” colorectal RTE nerve detection (ureter); latency NR  ureter/nerve-injur (frame-rate) and
(2023) resection (20) 14,577 frames 4 ; lury accuracy; NR
prevention
from 194
videos (nerve)
12,978 frames
from 245
videos
Kojima et Laparoscopic Hypogastric (hypogastric Second video feed Wi t'm'”g of target nerve
nerve), 5,198 12.5 fps - ) . . detection; surgeon
al.te3 colorectal RTE nerve and plexus frames from latency NR beside main monitor; intraoperative
(2023) resection (12) detection . Y no formal feedback P
44 videos assessment
(superior
hypogastric
plexus)
Frames NR; T; CVS detection
) . A fps NR -
Leifmanet Laparoscopic 700 videos latency 49 Touch-screen logger  accuracy; surgeon
al.’3 cholecystectomy  PRT CVS verification  with 80:20 ms ( (Zak s only (no live overlay); intraoperative
(2024) (40) training testing P no formal feedback assessment; surgeons
. ms) .
split blinded
"SurgFlow":
phase and Frames NR; 80
instrument videos .
. . Live overlay on
recognition, (instrument laparoscopic feed:
anatomical tracking), 120 P P ' T, malfunction rate (any
. . . ) current Ul offers . .
Mascagni  Laparoscopic segmentation, videos fos NR - limited direct value to technical/non-technical
et al.# cholecystectomy RTE (gallbladder, (phase), 201 P problem); NR (single-arm
. - latency NR  surgeons, more for L
(2024) 3) cystic videos . feasibility); surgeons
. staff/administrators .
duct/artery, (hepatocystic blinded
! (unstructured
cystic plate, anatomy and interviews)
hepatocystic CVS
triangle), CVS assessment)
validation
Landmark B; surgeon perceived
. identification Sub-monitor; EEC landmark detection
Nakanuma  Laparoscopic (CBD, cystic fps NR - 4/5 for CBD accuracy accuracy (five-point
et al.tse) cholecystectomy  PRT el NR latency 90 ) YA Y . point
(2023) ao duct, S4, e (bounding box), Likert scale); bounding
Rouviere's 4.2/5 for tile display ~ box vs. tile shaped
sulcus) displays
Petracchi Laparoscopic 131 frames T, in-theatre feasibility of
p P Voice-activated augmentedto fps NR- Accessory monitor; ! . Y
et al.® cholecystectomy  PRT - ; CVS detection; expert
CVS validation 402; videos latency NR  no formal feedback
(2024) 40) surgeon consensus

NR
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Laparoscopic “Eureka”: L B; rate of anatomic
. : . Al navigation o .
Ryu et al.®®?  left-sided autonomic pelvic fps NR - . recognition assistance
RTE NR monitor; no formal : L
(2023) colorectal nerve latency NR teedback provided by Al navigation
resections (10) identification for each nerve; NR
Laparoscopic “Eureka”: L B; rate of anatomic
. : . Al navigation o .
Ryu et al.®??  left-sided autonomic pelvic fps NR - . recognition assistance
PRT NR monitor; no formal : L
(2025) colorectal nerve latency NR teedback provided by Al navigation
resections (51) identification for each nerve; NR
Landmark 2,339 frames
. L from 99 videos
Tokuyasu  Laparoscopic identification (augmented
y p P (CBD, cystic g ) 37 fps - Secondary monitor; T, in-theatre feasibility of
et al.t"! cholecystectomy RTE 26 times) with .
duct, S4, . . latency NR  no formal feedback landmark detection; NR
(2021 m S 76 videos in
Rouviere's -
sulcus) training
dataset
Colour-coding of screen outside
Tomioka et Laparosconic hepatic veinsgand 350 frames >30 fps - theatre; HPB T, in-theatre feasibility of
al.n2o P P RTE P . latency 118 surgeons 4.2/5 landmark detection; NR;
hepatectomy (1) Glissonean from 10 videos - ;
(2023) ms usefulness, trainees surgeons blinded

pedicle 18/2

'PRT: Prospective real-time feasibility study; fFrame-rate (fps) and/or latency; ‘Endpoint group (applicable only to real-time component for
experimental pilots following retrospective training): T = technical feasibility/performance (e.g., capacity to run intraoperatively, fps/latency,
malfunction/uptime, object detection performance), W = workflow/process (e.g., timing appropriateness, prompt timing, activation burden, display
comparisons), B = behavioural/utility/human factors [e.g.,clinical (e.g.,surgeon-rated usefulness/accuracy,assistance rates,changes in
intraoperative behaviour,early clinical/process outcomes)]. CV-Al: Computer vision-based artificial intelligence; RTE: real-time experimental pilot
(live theatre test) following retrospective training; NR; not reported; POPF: postoperative pancreatic fistula; ICG: indocyanine green; ROI: region of
interest; CBD: common bile duct; S4: lower edge of the left medial hepatic segment; IEC: internal evaluation committee; EEC: external evaluation
committee; CVS: critical view of safety; HPB: hepatopancreatobiliary.

Trials-Artificial Intelligence)"*, CONSORT-AI (Consolidated Standards of Reporting Trials-Artificial
Intelligence)!"*”, TRIPOD+AI (Transparent Reporting of a multivariable prediction model for Individual
Prognosis or Diagnosis-Artificial Intelligence)!"*"!, and FUTURE-AI (Fairness Universality Traceability
Usability Robustness Explainability - Artificial Intelligence)"*” not appearing.

DISCUSSION

Surgical CV-Al is advancing technically but remains predominantly feasibility-stage, with most models
confined to retrospective analyses rather than real-time use. Only 12% of studies evaluated real-time
integration, comprising small, single-centre series with feasibility-oriented endpoints, variable blinding, and
limited comparators; highlighting a major translational gap between offline validation and clinical
deployment. This review confirmed substantial heterogeneity in metric selection and clinical integration of
CV-AL Across five principal task domains over 40 unique performance metrics were identified, though were
variably applied, consistent with two recent reviews evaluating anatomical segmentation CV-Al in
laparoscopic procedures, including those outside general surgery'>'*. Surgeon feedback was collected
post-hoc after model development and validation, suggesting that end-user engagement typically follows,
rather than precedes, system readiness. Additionally, agreement between expert annotators within studies
was uneven, with adherence to recognised frameworks seldom reported. While anatomical delineation and
phase recognition signal areas of emerging promise, studies remain yet to determine whether CV-AI
meaningfully improves surgeon performance, intraoperative judgement, or operative outcomes. The study
findings are synthesised into a concise evaluation framework in Table 7, highlighting the concentration of
current evidence around retrospective feasibility, and relative scarcity of reporting on real-time system
performance (i.e., latency, usability, and prospective outcomes). This framework especially underscores that
CV-AI translation hinges on workflow integration and human factors alongside conventional discrimination

metrics.
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Table 6. Reporting and implementation guidance in included studies

Authors General Al-specific Items reported
Procedure/setting Study stage guideline(s)  guideline(s) P
(year) A A (translation-relevant)
cited cited
Cheng et Laparoscopic cholecystectomy videos Retrospective Ground-truth/annotation protocol;

STROBE!®! None stated comparator (surgeon
ground-truth)

from four centres; surgical phase

al.9(2022) L .
recognition and analysis

feasibility
Ground-truth/annotation protocol;

None stated CLAIM4o141 inference speed; usability/surgeon
feedback

Laparoscopic colectomy videos from
a nationwide surgical video dataset
(Japan); detection of active bleeding

Horita et
al.81(2024)

Retrospective
feasibility

Laparoscopic sigmoid colectomy
Igaki et al.5®  videos submitted to the Japan Society Retrospective
(2023) for Endoscopy Surgery; automated feasibility
surgical skill assessment

Dataset selection; comparator
STARDU38! None stated (ESSQS score groups);
ground-truth; Al confidence score

Laparoscopic sigmoid colectomy
Kitaguchi et  videos submitted to the Japan Society Retrospective SQUIREM™;
al.®1(2021) for Endoscopy Surgery; automated feasibility STARD
surgical skill assessment

Dataset selection; comparator
None stated (ESSQS score groups);
ground-truth

Laparoscopic colorectal surgery

Kitaguchi et videos from a multi-institutional Retrospective SQUIRE; None stated Dataset selection;
aleo1(2022) . h - feasibility STROBE ground-truth/annotation protocol
video dataset; instrument recognition
Operating-room deployment of
“SurgFlow" for real-time Al Prospective s . .
Mascagni et assistance during three live real-time Stability/uptime; stopping
. . L None stated DECIDE-A[3! rules/safety safeguards;
al.®2(2024) laparoscopic cholecystectomies; feasibility usability,/surgeon feedback
phase and instrument recognition, (blinded) Y g

anatomical segmentation

Laparoscopic transabdominal left

lSJIe[?O%]un et adrenalectomy videos Retrospective STROBE MI-CLA|Mua  Dataset selection;
(2'023) (single-centre); semantic feasibility ground-truth/annotation protocol
segmentation of the left adrenal vein
Laparoscopic right adrenalectomy L
Sengun et intraoperative videos (single-centre); Retrospective aD:r:?)isttiZilefgtoonc,cﬁr?:irrf ;rrL;ttl';r
al.hos semantic segmentation of the liver, . p STROBE MI-CLAIM . P ! p
o . feasibility (SwinUNETR vs. MedNeXt
(2024) inferior vena cava, and right adrenal .
gland segmentation models)
HeiChole dataset incorporating 33
laparoscopic cholecystectomy videos .
Wagner et from three centres; used in 2019 Ret}rospectwe Dataset selection; ground-truth
al.he2 . validation None stated BIASE=1 .
(2023) EndoVis challenge for phase, action, (external) annotation protocol

instrument recognition and/or skill
assessment

Guidelines/frameworks explicitly cited by authors inincluded studies. Al-specific guidance includes reporting checklists (e.g.,
CLAIMD#0141 /MI-CLAIMD142), CONSORT-AIT4%1, SPIRIT-AI44, TRIPOD+AIU4¢1) and staged evaluation/implementation frameworks (e.g.,
DECIDE-AI), where reported. Al: Artificial intelligence; STROBE: Strengthening the Reporting of Observational Studies in Epidemiology; CLAIM:
Checklist for Artificial Intelligence in Medical Imaging; STARD: Standards for Reporting Diagnostic Accuracy; ESSQS: Endoscopic Surgical Skill
Qualification System; SQUIRE: Standards for QUality Improvement Reporting Excellence; DECIDE-AI: Developmental and Exploratory Clinical
Investigations of DEcision support systems driven by Artificial Intelligence; MI-CLAIM: Minimum Information about Clinical Artificial Intelligence
Modeling; BIAS: Biomedical Image Analysis ChallengeS; CONSORT-AI: Consolidated Standards of Reporting Trials-Artificial Intelligence; SPIRIT-Al:
Standard Protocol Items: Recommendations for Interventional Trials-Artificial Intelligence; TRIPOD+AL: Transparent Reporting of a multivariable
prediction model for Individual Prognosis or Diagnosis-Artificial Intelligence.

Metric selection

Robust, understandable, and task-specific metrics are fundamental to meaningful evaluation of CV-AI, a
principle well-established in medical image segmentation research!*'»'>'*""l. Widely-used metrics offer
familiarity and easy computation, although they are limited by a lack of clinical context; intraoperatively,
should an error occur, surgeons are concerned more by their nature than error rate’'*'*.. For segmentation
models, overlap-based metrics such as Dice coefficient are necessary, but do not penalise small-yet-critical
boundary-errors""**'*). Anatomical delineation tasks guiding surgical decision-making, such as identifying
the ureter or RLN, or recognising the base of segment four of the liver/Rouviere’s sulcus, inherently demand
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Table 7. Evaluation framework for clinical translation of surgical computer vision

Evaluation domain  Minimum reporting set Example outputs/measures

* Task definition and ground-truth protocol

« Dataset representativeness and robust
Technical validity video quality Accuracy/recall/F1; Dice coefficient/loU; calibration; benchmark
(offline) « Generalisability (external algorithm performance

validation/benchmarking)

« Error patterns and failure modes

* Latency and frame-rate on theatre

hardware
Real-time system * Robustness to camera artefacts (e.g., Latency; frame-rate; uptime/malfunction rate; runtime stability; failure
performance smoke/blood/glare) logs

« Failure behaviour and recovery
(drop-outs/flicker)

 Output display (direct overlay vs. auxiliary
monitor)
* Activation burden (manual vs.

Workflow integration ~ autonomous)
« Stack compatibility and
capture/processing pipeline
* Data pathway and privacy controls

Integration manual; compatible in-theatre systems; activation steps; data
flow description

« Output clarity and interpretability
« Distraction/attention impact

Human factors and « Trust safeguards (dismissible outputs;

User ratings; qualitative themes; surgeon task-load measures;

usability model confidence display) override/dismiss rates

« Surgeon feedback

* Study stage (feasibility — prospective

multicentre trials)

« Safeguards (blinding/stopping rules where
Clinical evaluation and  appropriate) Procedure time; complications; landmark detection; predefined clinical
outcomes » Outcomes beyond accuracy (process, endpoints

patient outcomes)
» Comparator (standard care/expert clinical
judgement)

* Reporting Al-specific guidance used
Reporting, governance ¢ Traceability
and monitoring * Accountability

« Post-deployment monitoring

DECIDE-AIM31/SPIRIT-Al44/CONSORT-AIM alignment; audit plan

Evaluation framework derived from patterns observed in the present scoping synthesis for clinical translation of surgical computer vision to
real-time use, presented as a pragmatic study minimum reporting set rather than a fixed prescriptive guideline. F1: F1 score (harmonic mean of
precision and recall); loU: intersection over union; Al: artificial intelligence; DECIDE-AI: Developmental and Exploratory Clinical Investigations of
DEcision support systems driven by Artificial Intelligence; SPIRIT-Al: Standard Protocol Items: Recommendations for Interventional Trials-Artificial
Intelligence; CONSORT-AI: Consolidated Standards of Reporting Trials-Artificial Intelligence.

a high degree of precision'*'*'?\. In these contexts, inclusion of boundary-aware parameters such as Hausdorff
distance is essential®'>'>**), Comparatively, whilst plain accuracy is intuitive and provides a straightforward
snapshot of algorithm performance, it performs poorly on class imbalanced datasets!®'*"*).
Operative-difficulty classification models predominantly trained on patients without significant
inflammation may achieve high accuracy rates by consistently predicting lower scores, although they may
dangerously fail to recognise instances of severe pathology, including gangrenous or perforated disease'>'".
Such limitations may mask failure-modes and potentiate injury if not proactively recognised by surgeons,
especially in complex procedures where enhanced situational awareness and safe decision-making are
critical). Balanced accuracy, precision-recall curves, and F1 scores offer a more informative assessment in
such contexts!>"*l. Metrics should also evaluate all relevant aspects of model performance, including both
discrimination metrics (e.g., AUROC) and calibration measures (e.g., Brier score, calibration plots) to
confirm algorithm predictions are both accurate and clinically meaningful*'**. This need for clinically
relevant, standardised metric selection in surgical CV-Al is increasingly recognised, with guidance in this
area in development by the Computer Vision in Surgical International Collaborative®'”. Although thresholds
that constitute ‘acceptable’ accuracy and precision rates are presently undefined, benchmarks above 90%
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compared with expert surgeon consensus are likely required to establish surgeon trust and utility,
comparable to that recommended for resect-and-discard strategies for diminutive polyps in

[26,149]

colonoscopy

Clinical readiness

Achieving reliable real-time performance in the operating theatre introduces unique technical and workflow
demands"*". Real-world environments introduce complexities often not captured in development datasets,
such as anatomical variability, patient-specific factors such as high body mass index (BMI)/adhesions, and
unpredictable conditions, including haemorrhage, inflammation, and camera artefacts (e.g., shake, lens blur
or smoke)>0515:1221 - Aloorithms trained on retrospective datasets must demonstrate accuracy and reliability
across diverse, dynamic surgical environments, accommodating variations in port placement, equipment
(e.g., electrocautery devices, meshes), and non-sequential phase order (e.g., right hemicolectomy)"*?!. Specific
situations also present unique technological challenges. Kojima et al. noted that their autonomic nerve
CV-AI system struggled segmenting indistinct nerve boundaries, only worsened by poor pelvic visibility,
underscoring the difficulty of replicating expert-level recognition in situations difficult in practice for
surgeons themselves!'**’!. Similarly, major adverse events such as bile duct injuries (BDIs) are rarely
represented in idealised training datasets, despite critical importance for decision-support models. Several
authors have proposed large multicentre open-access video repositories with equitable representation of
diverse patient populations as a solution to support robust model training, although ultimately,
intraoperative utility will also require consistent video quality, standardised annotations, and overall clinical
relevance!'*'”1s 152154 Adherence to standard safe surgical practice protocols should be apparent in such
datasets as some publicly-available surgical videos lack technical quality"**. Despite the current focus on
algorithm performance, few studies emphasised usability-focused outcomes such as latency, overlay clarity,
interpretability, and surgeon trust; factors essential to support widespread adoption and integration into
surgical workflows!"7#>1#*1%¢/_Qutputs among real-time evaluations were commonly delivered via auxiliary
displays and required manual activation, adding cognitive load and workflow burden”>**7>*>**|. Additionally,
reports of distracting artefacts such as screen flicker highlight that interface characteristics will shape surgeon
trust and adoption’. Simulation-based practice with CV-AI support and clear communication of
confidence levels or rationale may help surgeons understand when to rely on or override algorithm
outputs*. Equally important is evaluation of human factors, such as mitigating over-reliance or distraction,
and organisational considerations including cost-effectiveness, regulatory burden, and potential
workflow-disruptions!'s ¥+,

Translation roadmap

Translating retrospective CV-Al research to routine surgical practice demands a clearly-defined roadmap for
future clinical development and evaluation"**. Although surgical CV-Al reporting standards are still in
development, existing AI-implementation guidelines should be applied to prevent incomplete/‘black-box’
reporting!”. Early-stage prospective studies should follow DECIDE-AI, though these recommendations lack
specific guidance on CV-Al-metric reporting"*’. Fundamental principles outlined in FUTURE-AI such as
traceability, fairness, and explainability, should be incorporated into study design and model
development!*”). Real-time CV-AI should follow staged clinical innovation pathways, such as the Idea,
Development, Exploration, Assessment, Long-term study (IDEAL) framework!"*>'*”'**l 'used previously
during development cycles for surgical robotics and transanal total mesorectal excision (TaTME)!#*¢),
Under the IDEAL framework, current CV-AI literature aligns with the early-phase feasibility stages
(1/2a)"**), with progression to multicentre randomised trials (Stage 2b/3)""*"! for evaluation against surgical
care standards, whilst adhering to reporting standards such as SPIRIT-AI"* and CONSORT-ATI"*.
Designing such trials poses unique practical challenges, such as blinding surgeon awareness of Al
involvement”!. Beyond methodological rigour, ethical considerations must be addressed; for instance, legal
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clarity is essential in situations where CV-AI contributes to errors in clinical judgement, or where
Al-guidance is disregarded and patient harm eventuates**'*.. In parallel, standardised CV-AI benchmarking
studies across all task domains are needed, akin to the HeiChole benchmark"*?. Ultimately, translation to
routine intraoperative use will not only require better algorithms, but an integrated ecosystem of clinical
testing, surgeon training, regulatory oversight, and post-deployment monitoring"”**’. Execution will depend
on a coordinated, multidisciplinary approach involving surgeons, data scientists, hospitals, and regulatory
bodies!"”***).

Study limitations

This review has several limitations. Surgical CV-Al research is evolving at substantial pace, and as such more
recently published studies, tasks, metrics, and guidelines may not be captured. Only English-language,
peer-reviewed publications were included. Title/abstract screening was performed by a single reviewer,
introducing a residual risk of selection bias. Limiting the scope to minimally invasive CV-AI applications
within general surgery may constrain generalisability beyond this discipline, such as to open procedures.
Transanal surgical techniques, endoluminal, and radiological domains were excluded. Studies were excluded
if they lacked intraoperative surgeon utility, although audit CV-AI platforms may play a role in optimising
perioperative workflows and quality assurance processes. As few included studies evaluated real-time
intraoperative deployment, inferences regarding workflow integration, usability, and clinical impact are
constrained. No formal risk-of-bias appraisal or quantitative syntheses were performed, consistent with the
scoping methodology and exploratory study objectives.

Future directions

Future research should prioritise evaluation designs that address CV-AI translational gaps, particularly
external/multicentre validation, standardised reporting of real-time performance (latency, stability, and
failure modes), and assessment of interface design and surgeon interaction. Although evidence for robust
real-time performance and clinical impact within general surgery remains early, emerging multimodal
vision-language approaches may offer an additional pathway to higher-level scene understanding, such as
generating structured intraoperative summaries or context-aware explanations from surgical video
analysis!"®>'*,

CONCLUSION

In summary, CV-Al applications in general surgery remain at a nascent stage, characterised by considerable
heterogeneity in metric selection and limited clinical integration. The present review highlights several
crucial clinical translational gaps, including limited external validation, real-time intraoperative evaluation,
and inconsistent usability reporting. Prospective, real-time CV-AI evaluation using standardised metric
selection, annotation protocols, and transparent reporting aligned with Al-specific reporting frameworks is a
necessary step moving forward. Strengthened governance, reporting standards, and collaborative end-user
engagement are critical factors required to successfully translate conceptual promise to reliable real-time
decision-support tools that support surgeon judgement and integrate seamlessly into routine operative
workflows.
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