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Abstract

Objective: To develop and validate an artificial intelligence (AI) model for
real-time detection and tracking of intraoperative bleeding sites in laparoscopic
surgery, and evaluate whether Al assistance could enhance surgeons’ responses
to intraoperative bleeding.Background: Intraoperative bleeding during laparo-
scopic surgery is a critical complication that requires timely detection and han-
dling to ensure surgical safety.Methods: From January to September 2023, la-
paroscopic surgical videos were retrospectively collected from multiple Chinese
medical centers. Senior surgeons marked bleeding events, extracted related
clips, and manually labeled bleeding frames to train the AI model, evaluated
by Fl-score, mean absolute error (MAE), and mean distance error (MDE). A
preclinical randomized controlled trial was conducted. Eligible surgeons were
randomly assigned to either the experimental group or the control group. The
primary outcome was reaction time, defined as the time elapsed from the ap-
pearance of a bleeding site to the participant’ s first successful click on that
site.Results: We collected 257 laparoscopic surgical videos from 20 medical cen-
ters. The training, validation, and test sets included 145 (56.42%), 55 (21.40%),
and 57 (22.18%) videos, respectively. The model achieved an F1-score of 0.860
(95% CI, 0.838-0.878). In addition, the MAE was 3.315 (95% CI, 3.051-3.614),
and the MDE was 0.087 (95% CI, 0.086-0.088). The experimental group had
shorter reaction time (2.31s vs. 3.13s, P < 0.001) and lower negative emotion
score (1.68 vs. 2.95, P < 0.001).Conclusion: The AI model has high accuracy;
AT assistance shortens surgeons’ reaction time and alleviates negative emotional
burden.
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Abstract

Objective: To develop and validate an artificial intelligence (AI) model for real-
time detection

and tracking of intraoperative bleeding sites in laparoscopic surgery, and evalu-
ate whether Al

assistance could enhance surgeons’ responses to intraoperative bleeding.

Background: Intraoperative bleeding during laparoscopic surgery is a critical
complication

that requires timely detection and handling to ensure surgical safety.

Methods: From January to September 2023, laparoscopic surgical videos were
retrospectively
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collected from multiple Chinese medical centers. Senior surgeons marked bleed-
ing events,

extracted related clips, and manually labeled bleeding frames to train the Al
model, evaluated

by Fl-score, mean absolute error (MAE), and mean distance error (MDE). A
preclinical

randomized controlled trial was conducted. Eligible surgeons were randomly
assigned to either

the experimental group or the control group. The primary outcome was reaction
time, defined

as the time elapsed from the appearance of a bleeding site to the participant’ s
first successful

click on that site.

Results: We collected 257 laparoscopic surgical videos from 20 medical centers.
The training,

validation, and test sets included 145 (56.42%), 55 (21.40%), and 57 (22.18%)
videos,

respectively. The model achieved an Fl-score of 0.860 (95% CI, 0.838-0.878).
In addition, the

MAE was 3.315 (95% CI, 3.051-3.614), and the MDE was 0.087 (95% CI, 0.086-
0.088). The

experimental group had shorter reaction time (2.31s vs. 3.13s, P <
0.
1) and lower negative

emotion score (1.68 vs. 2.95, P < 0.001).

Conclusion: The AI model has high accuracy; Al assistance shortens surgeons’
reaction time

and alleviates negative emotional burden.

Key words: AI; Laparoscopic surgery; Intraoperative bleeding; Detection and
tracking; Surgeon

response.

Trial registration: Chinese Clinical Trial Registry Identifier: ChiCTR2600118185.
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Introduction

Over the past several decades, laparoscopic surgery has become a cornerstone
of modern surgical

practice due to its minimal invasiveness and improvements in postoperative
recoveryl, 2.

Nevertheless, intraoperative bleeding remains a major challenge that can com-
promise the safety and

efficacy of fully laparoscopic procedures. A substantial body of evidence indi-
cates that greater

intraoperative blood loss is associated with higher rates of postoperative com-
plications, mortality,

conversion to open surgery, and blood transfusion3-5. Collectively, these find-
ings underscore the

critical importance of timely and effective control of intraoperative bleeding
during laparoscopic

surgery.

Intraoperative bleeding events are often sudden and difficult to predict, posing
two major challenges

in hemostasis. First, once bleeding occurs, delayed control can rapidly lead to
blood accumulation

that obscures the bleeding source, thereby complicating visualization and sub-
sequent hemostasis 6-

8. Moreover, the abrupt onset of bleeding imposes acute psychological stress,
which may disrupt

attentional focus and transiently impair operative performance 9-11. Accord-
ingly, the ability to

rapidly direct attention to the bleeding site and achieve immediate initial control
—most commonly

through compression—is critical, as it establishes favorable conditions for defini-
tive hemostatic

management7. Currently, surgery remains a largely experience-based discipline
rooted in an

apprenticeship model, and substantial inter-individual variability among sur-
geons contributes to

wide differences in the time required to achieve effective bleeding control9, 11,

12. Therefore, there is
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substantial clinical and practical value in developing standardized technologies
or adjunctive tools

to mitigate inter-surgeon variability in hemostatic efficiency and to enhance the
precision and

consistency of bleeding control.

With recent advances in artificial intelligence (AI), Al-based systems have begun
to play an

increasingly important role in time-critical decision-making during emergency
medical events. For

example, Al systems can rapidly identify occult hemorrhagic foci and fracture
sites on CT images,

providing emergency physicians with real-time diagnostic support and shorten-
ing the time to

treatment decisions13. By extension, similar Al-assisted decision-making
paradigms are becoming

increasingly feasible for intraoperative adverse events. In the surgical setting,
AT has the potential

to identify key intraoperative events and provide real-time visual or contextual
guidance, enabling

more consistent and standardized management of emergent situations such as
intraoperative

bleeding14-16.

Therefore, this study aimed to determine whether Al assistance could enable
surgeons to respond

more rapidly to intraoperative bleeding during laparoscopic surgery. First, a
high-precision, real-

time AI model was developed for detecting and tracking intraoperative bleeding
sites. Second, a

preclinical randomized controlled trial (RCT) was conducted to evaluate
whether Al-assisted visual

guidance could shorten surgeons’ hemostatic response times while alleviating
psychological stress

during bleeding events.

Methods
Study design
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This study adopted a phased approach comprising model development, tool
deployment, and

preclinical validation (Fig. 1 [Figure 1: see original paper]). First, an AT model
was trained to detect and track intraoperative

bleeding sites. Second, the model was integrated into an interactive Al-assisted
tool. The tool was

designed to approximate real surgical scenarios and incorporated task-based,
gamified interactions.

The tool is accessible at: https://app.surgsmart.com/login?from=/game. Fi-
nally, a preclinical RCT

based on this tool was conducted to evaluate whether Al assistance could im-
prove surgeons’

performance in responding to intraoperative bleeding. The study was approved
by the Ethics

Committee of West China Hospital, Sichuan University (No. 2025-2346). This
study was registered

with the Chinese Clinical Trial Registry under registration number
ChiCTR2600118185, with a

registration date of February 3,
2026. The study was reported in accordance with the CONSORT-

AT guidelines17, a complete CONSORT checklist is available in the supplemental
materials

(Appendix 1).
Participants and AT Model Development

Participants were eligible if they were surgeons aged 20-50 years whose daily
clinical practice

primarily involved laparoscopic surgery and who were proficient in operating
electronic devices

required for interactive computer-based tasks. The core development process of
the AT algorithm

for detecting and tracking bleeding sites in laparoscopic surgery included data
annotation and the

construction of a multi-task deep learning framework (Appendix

2. Supplementary Methods). Data
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annotation was performed by senior surgeons (XW and HC), who determined
the onset and end

times of bleeding events, established video subsets of bleeding or non-bleeding
clips, and conducted

frame-by-frame point annotation of bleeding sites using Label Studio. Based on
the annotated data,

a multi-task deep learning framework with a hierarchical spatiotemporal archi-
tecture was

constructed to jointly perform bleeding presence classification, frame-level bleed-
ing detection, and

spatial localization. Detection performance was enhanced by integrating multi-
scale spatiotemporal

features, and an L1 loss function was applied to optimize bleeding sites localiza-
tion. An Al-assisted

visual tool integrating the algorithm was subsequently developed, allowing acti-
vation or

deactivation of Al-assisted functions. The tool recorded performance data in
real time and provided

immediate feedback, enabling quantitative comparison of surgeons’ performance
between Al-

assisted and non-assisted conditions (Fig. 1b). For detailed methodologies, refer
to the Appendix 2.

Randomization

Participants were stratified into junior and senior surgeon cohorts according to
their laparoscopic

surgical experience, with the cutoff set at 3 years (< 3 years vs. > 3 years).
Within each stratum,

block randomization with a block size of 4 was implemented, and participants
were assigned in a

1:1 ratio to either the experimental or control group via a computer-generated
random sequence (Fig.

1c). A detailed description of the sample size calculation is provided in the
Supplementary Methods.

Interventions

Participants in both groups were required to identify and click on bleeding sites
across 20
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laparoscopic surgical video clips. For the experimental group, participants com-
pleted the task with

the aid of Al-generated bounding box prompts to provide visual guidance. In
contrast, participants

in the control group performed the task via a standard video interface devoid
of Al-derived visual

cues. All other experimental conditions were held constant between the two
groups, including the

sequence of video clips, hardware configuration, and network environment.
Outcomes

The primary outcome was reaction time, defined as the interval from the ap-
pearance of a bleeding

site in the video to the participant’ s first successful click on that site. Secondary
outcomes included

the following measures: (1) total successful hemostasis events, defined as the
cumulative number

of bleeding sites successfully identified and clicked during the task; (2) number
of click attempts,

defined as the total number of clicks made within a single video clip before
successful identification

of a bleeding site; and (3) distance error, defined as a normalized relative devi-
ation value obtained

by dividing the pixel linear distance between the click site and the bleeding site
by 6% of the video’ s

long side. All outcome measures were automatically recorded and calculated by
the interactive tool

during task performance. In addition, participants’ negative emotional responses
were assessed

using a 5-point Likert scale administered before, during, and after the validation
process, with results

summarized as a Negative Emotion Score (NES).
Statistical Analysis

For evaluation of the bleeding site detection and tracking model, sensitivity
(recall), specificity,

precision, Fl-score, area under the receiver operating characteristic curve
(ROC), mean absolute
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error (MAE), and mean distance error (MDE) were used. The calculation of
these metrics is

described in detail in the Supplementary Methods. All statistical analyses were
performed using R

software (version 4.5.1; R Foundation for Statistical Computing, Vienna, Aus-
tria). Descriptive

statistics were reported as mean with standard deviation, median with interquar-
tile range, or

frequency with percentage as appropriate. Continuous variables were compared
using independent

t-tests or Mann-Whitney U tests, as appropriate, while categorical variables
were analyzed using

chi-square tests. Prespecified subgroup analyses were performed to explore con-
sistency of effects

across surgeon experience levels. A two-sided P < 0.05 was considered statisti-
cally significant, with

Bonferroni correction applied for multiple comparisons.

Results

Performance Results of Model Development

of bleeding sites. The dataset comprised 162,421 bleeding frames extracted from
5,662 annotated

bleeding clips across 257 laparoscopic surgical videos. Among these bleeding
frames, 90,730

(55.86%), 41,483 (25.54%), and 30,208 (18.60%) were assigned to the training,
validation, and test

sets, respectively. For bleeding clip classification, the model achieved a sensitiv-
ity (recall) of 0.882

(95% CI, 0.862-0.900), specificity of 0.964 (95% CI, 0.959-0.969), precision of
0.838 (95% CI,

0.815-0.858), and an Fl-score of 0.860 (95% CI, 0.838-0.878). The area under
the ROC was 0.985

(95% CI, 0.980-0.
990) (Appendix 3). For temporal detection and spatial localization of bleeding

sites, the MAE was 3.315 (95% CI, 3.051-3.614), and the MDE was 0.087 (95%
CI, 0.086-0.088).

chinarxiv.org/items/chinaxiv-202605.00064 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00064

ChinaRxiv [$X]

Participants Baseline Characteristics

Baseline characteristics of participants in the preclinical validation are presented
in Appendix

4. A

total of 77 participants were enrolled, including 38 (49.35%) in the experimental
group and 39

(50.65%) in the control group. The cohort included 58 (75.32%) men and 19
(24.68%) women, with

a mean age of 30.09 4+ 5.37 years; 38 participants (49.35%) were classified as
senior surgeons. In

addition, 36 participants (46.75%) reported little to no prior gaming experience,
and 34 (44.16%)

reported no prior experience with serious adverse consequences resulting from
delayed hemostasis

during laparoscopic surgery. Notably, none of the participants experienced phys-
ical discomfort

severe enough to require task interruption or adjustment.
Participants’ Performance in Preclinical Validation

group, the experimental group demonstrated a shorter mean reaction time (2.31
s vs. 3.13 s), fewer

mean click attempts (2.36 vs. 3.36), a greater number of successful hemostasis
events (18 vs. 15),

and a higher proportion of hemostasis achieved within 2 seconds (52% vs. 35%).
All these

differences were statistically significant (P < 0.001). However, there was no
statistically significant

difference in mean distance error between the two groups (0.64 vs. 0.65, P =
0.967). Subgroup

analyses demonstrated that, compared with the control group, the experimental
group exhibited

significantly shorter mean reaction times in most subgroups (P < 0.05). These
results are presented

in Fig. 2 [Figure 2: see original paper].
Negative Emotional Load

After completion of the task, the experimental group exhibited a significantly
lower mean NES than
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the control group (1.68 vs. 2.95, P < 0.001). In addition, the mean change in
NES was significantly

lower in the experimental group than in the control group (—0.03 vs. 1.13, P =
0.003). Detailed

results are presented in Appendix
5. Temporal trends in mean NES among all participants are

illustrated in Fig. 3 [Figure 3: see original paper]. Overall, participants’ NES
increased initially and then decreased over the course

of the testing process, with NES levels in the experimental group remaining
consistently lower than

those in the control group throughout.

Discussion

As noted above, intraoperative bleeding remains one of the most critical adverse
events during

laparoscopic surgery, because even a short delay in the initial response can
rapidly lead to blood

accumulation, impaired visualization, and increased procedural complexity. The
first response to

bleeding—typically involving visual identification and immediate compression—
plays a pivotal

role in preventing further deterioration of the operative field and creating favor-
able conditions for

definitive hemostasis. However, our previous studies have shown that the time
required to initiate

effective bleeding control varies substantially among surgeons, reflecting differ-
ences in experience,

situational awareness, and stress response. Such inter-individual variability high-
lights the current

lack of tools to support surgeons at the very onset of bleeding events. In this
study, we developed

an Al-based model for frame-level detection and tracking of bleeding sites in
laparoscopic surgery.

We further integrated this model into an interactive, task-based visual assistance
tool designed to
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direct surgeons’ attention during the critical moments of bleeding onset. To
rigorously evaluate its

potential benefits, we conducted a RCT in a preclinical setting to assess the
performance of the tool.

In summary, we developed an Al model for frame-level detection and tracking
of bleeding sites, and

our findings suggest that the Al-based visual assistance tool can support sur-
geons during urgent and

stressful phases of intraoperative bleeding by improving responsiveness, task
efficiency, and

psychological stability. Together, these preclinical results indicate that the pro-
posed AI model has

the potential to assist surgeons in timely and accurate identification of intraop-
erative bleeding events,

while reducing the impact of adverse intraoperative conditions.

As intraoperative bleeding is one of the most critical adverse events during
minimally invasive

surgery, extensive efforts have been devoted to its automated detection and
analysis over the past

decade. Early studies primarily relied on pixel-level color information, combin-
ing RGB- or HSV-

based features with static or dynamic thresholding strategies to identify blood
pixels or estimate

bleeding burden18-21. These approaches demonstrated the feasibility of extract-
ing bleeding-related

visual signals from surgical videos; however, they are inherently sensitive to
background tissue color,

illumination variation, specular reflection, smoke, and camera motion, thereby
limiting their

robustness in complex real-world surgical scenes. With the rise of machine
learning and deep

learning, research shifted toward data-driven models capable of learning higher-
level visual

representations. Convolutional neural network-based methods enabled auto-
matic detection of

bleeding frames or regions22, showing better generalization than traditional
feature-based methods.
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Building on these advances, subsequent video-based models incorporated tem-
poral or

spatiotemporal mechanisms to improve prediction stability and continuity by
explicitly modeling

inter-frame relationships23. In addition, recent SAM-based frameworks24 have
demonstrated strong

performance in jointly detecting bleeding regions and source points within short
video clips centered

on confirmed bleeding events. By coupling region segmentation and point local-
ization through

bidirectional guidance, these methods achieve improved spatial consistency and
robustness under

challenging visual conditions. However, their evaluation is primarily restricted
to frame-level

localization within preselected bleeding segments, without assessing bleeding
event presence or

onset in continuous surgical videos. In contrast, our approach formulates intra-
operative bleeding

analysis as a hierarchical spatiotemporal perception problem aligned with sur-
geons’ immediate

perceptual requirements during bleeding events. By explicitly defining bleeding
point localization

as the primary perceptual target and jointly modeling bleeding presence, onset
timing, and

temporally consistent point tracking across entire video sequences, our frame-
work advances

bleeding analysis from descriptive localization toward task-oriented visual guid-
ance for rapid

bleeding source identification in simulated settings.

Beyond algorithmic performance, an important contribution of the present study
lies in

demonstrating how Al-based visual assistance can translate into measurable

improvements in

surgeon perceptual and interactive performance in a preclinical task-based plat-
form. In this

randomized controlled simulation study, Al assistance was consistently associ-
ated with faster
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reaction times, fewer interaction attempts, and higher overall task efficiency
across experimental

conditions, indicating that the system reduced the time and effort required to
visually identify and

localize bleeding sites in the simulated interface. Notably, our previous work on
bleeding control

efficiency revealed substantial inter-individual variability among surgeons. In
an analysis of 634

surgical cases, the time required to achieve initial bleeding control ranged from
less than one second

to more than one minute after bleeding onset, underscoring the vulnerability of
early hemostatic

management to differences in experience, situational awareness, and stress re-
sponse. In the present

study, subgroup analyses demonstrated significant performance improvements
with AT assistance in

both junior and senior surgeons, suggesting that the system enhances visual
localization

responsiveness across experience levels and may reduce inter-individual variabil-
ity in this specific

perceptual task. Given the preclinical, scenario-based design using a mobile
interactive platform,

potential confounding effects of prior gaming experience were also considered.
Stratified analyses

demonstrated that Al assistance benefited participants regardless of gaming
experience, indicating

that the observed performance improvements were attributable to clinically rel-
evant visual guidance

rather than familiarity with interactive interfaces. Taken together, these findings
suggest that Al-

based visual assistance can provide robust, experience-independent support for
rapid bleeding point

localization in the early perceptual phase of simulated bleeding events, with
potential implications

for promoting more timely and consistent visual identification of bleeding
sources in future clinical

translation.
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Sudden intraoperative bleeding is not only a technical challenge but also a potent
psychological

stressor that can adversely affect surgical performance. Human factors research
in surgery and other

high-risk domains has consistently shown that negative activating emotions,
such as anxiety and

tension, are closely associated with performance degradation during time-critical
tasks25,

26. Acute

stress during bleeding events increases cognitive workload, disrupts attentional
control, and impairs

decision-making and motor execution, thereby elevating the risk of delayed or
suboptimal initial

hemostatic responses27. In recent years, growing evidence from other clinical
domains has suggested

that Al-based assistance can help mitigate psychological burden and cognitive
fatigue during

complex diagnostic and decision-making processes28-31. These findings support
the notion that a

well-designed Al system can relieve surgeons of perceptual and attentional bur-
dens, acting as an

assistant in clinical practice. However, despite the growing body of relevant
evidence, the potential

of AT assistance in alleviating the psychological stress triggered by simulated
acute bleeding

scenarios—an emergency characterized by extreme time constraints and heavy
emotional burden—

has not yet been systematically investigated in preclinical task-based settings.
In this study, a

combination of participants’ subjective questionnaire responses and objective
measurements of

negative emotions demonstrated that the Al-assisted visual guidance approach
effectively reduced

surgeons’ psychological stress during simulated bleeding localization tasks. From
a subjective

perspective, participants generally reported that the Al-generated prompts for
bleeding point
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identification were highly practical, and that AI assistance significantly allevi-
ated their operational

pressure in the task context. Objectively, emotional trajectory analysis revealed
that surgeons using

AT support exhibited lower levels of negative emotions throughout the task and
achieved a more

rapid emotional recovery post-task. Notably, this effect was observed consis-
tently among both

junior and senior surgeons.
Limitations

Important limitations of this preclinical investigation must be acknowledged.
The present study

evaluated surgeon performance in a simulated, task-based clicking paradigm
rather than in actual

intraoperative hemostasis, which requires instrument manipulation, tissue han-
dling, bimanual

coordination, team communication, and definitive hemostatic procedures. Im-
proved performance

in visual localization and interactive response in this platform should not be
equated with improved

clinical bleeding control, surgical performance, or patient safety outcomes. The
primary endpoint

of reaction time to successful clicking represents a surrogate marker for early
visual perception and

localization rather than real-world hemostatic efficiency. Further validation in
high-fidelity surgical

simulators and subsequent prospective clinical studies will be necessary to con-
firm the translational

value and clinical impact of this Al-assisted system.

Conclusions

This study demonstrates that an Al-based visual assistance system for detection
and tracking of

bleeding sites can effectively support early visual localization and perceptual
responses to simulated
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intraoperative bleeding. By providing accurate visual cues, the system was
associated with

improved reaction speed, task efficiency, and response consistency in a preclini-
cal, task-based

clicking platform across surgeons with different experience levels, while also
reducing

psychological burden during simulated bleeding tasks. These findings provide
important empirical

evidence supporting the potential translational value of Al-based visual assis-
tance for rapid

identification of bleeding sources in precision surgery, with the caveat that clin-
ical benefits for

intraoperative hemostasis and patient safety remain to be validated in real-world
surgical settings.
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are used to train the model via Al algorithms;

b. tool deployment: The two images show the interface during validation,
where the blue circles represent the click cursors and the green boxes
denote the Al-assisted prompt boxes;

c. preclinical validation: flow chart of study participants enrollment for pre-
clinical randomized controlled trials.

history of bad events: dark blue square blocks represent the estimated values of
the standardized mean difference (SMD); the length of the line segment indicates
the width of the confidence interval; reference line (zero line): an SMD of 0
indicates no significant difference between the two groups.

E: experimental group; C: control group; SD: standard deviation.
b. subgroup analysis of senior surgeons;

c. subgroup analysis of junior surgeons. Groups were color - coded (see key).
The y - axis represents the scores of the emotional scale. : P < 0.01; *:
P <

1. All statistical results were based on the baseline (before) emotional scores
of different groups.

Error bars indicate the standard error.
Dataset characteristics for model development. Training
Validation

data sets
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data sets

Cases of Surgery (n, %)
145 (56.42)

55 (21.40)

Number of Clips (n, %)
13280 (56.55)

4949 (21.07)

Cases of Surgery (n, %)
127 (54.98)

50 (21.65)

Number of Clips (n, %)
3062 (54.08)

1494 (26.39)

Number of frames (n, %)
90730 (55.86)

41483 (25.54)

AUC (95% CT)

Sensitivity /Recall (95% CI)

Specificity (95% CI)
Precision (95% CI)
F1 score (95% CI)
Non-Bleeding
Bleeding

Performance of bleeding clips detection by AI model.

Performance of the AI model in detecting frame-level bleeding clips.

MAE * (95%

CI) Performance of the AT model in detecting the location of bleeding sites.

MDE{ (95% CI)

*MAE (Mean Absolute Error) is defined as follows: For a 4-second video clip

with 25 FPS, 32 frames are extracted at intervals of 2 frames
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predicts a bleeding frame (e.g., Frame 51, corresponding to the 17th position
among the 32 extracted frames) and the annotated bleeding fra position among
the 32 extracted frames), the absolute error is calculated as

1. MAE is the average of all absolute errors across the test set.

TMDE (Mean Distance Error) refers to the Euclidean distance between two
points. With the top-left corner of the image as the origin of co

coordinates of the bleeding point are (0.6,
0.

4) and the annotated coordinates are (0.5, 0.5); the distance error is the
Euclidean distance betw

Experimental Group
Control group
(Al-assisted)

(No Al-assisted)

(n=38)

(n=39)

Average reaction time (s)
2.31 (1.97-3.01)

3.13 (2.48-3.78)

Average distance error
0.64 (0.61-0.67)

0.65 (0.60-0.68)

Average click attempts (n)
2.36 (2.01-3.00)

3.36 (2.86-4.69)

18 (16-19)

15 (14-16)

52% (40%-65%)

35% (25%-45%)

Total hemostasis success times (n) Success rate of hemostasis within 2 second

Data in this table are presented as median (interquartile range), with values of
P < 0.05 shown in bold.

chinarxiv.org/items/chinaxiv-202605.00064 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00064

ChinaRxiv [$X]

Appendix 1 CONSORT 2025 checklist. Appendix 2 Supplementary Methods.
Appendix 3 Appendix Figure

1. The ROC curve of Al-based bleeding sites detection model.
Appendix 4 Baseline characteristics for the participants in preclinical validation.

Appendix 5 NES of participants in the experimental and control groups at dif-
ferent stages during the preclinical validation.

Appendix 1 CONSORT 2025 checklist of information to include when reporting
a randomised trial* Section / Topic

CONSORT 2025 checklist item description

Reported on page no.

Identification as a randomised trial

Structured summary of the trial design, methods, results, and conclusions
Trial registration

Name of trial registry, identifying number (with URL) and date of registration
Protocol and statistical analysis plan

Where the trial protocol and statistical analysis plan can be accessed

Data sharing

Where and how the individual de-identified participant data (including data
dictionary), statistical code and any other materials can be accessed

Funding and conflicts of interest

Sources of funding and other support (e.g., supply of drugs), and role of funders
in the design, conduct, analysis and reporting of the trial

Financial and other conflicts of interest of the manuscript authors
Background and rationale

Scientific background and rationale

Objectives

Specific objectives related to benefits and harms

Details of patient or public involvement in the design, conduct and reporting of
the trial

Trial design

Description of trial design including type of trial (e.g., parallel group, crossover),
allocation ratio, and framework (e.g., superiority, equivalence, non-inferiority,
exploratory)
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Changes to trial protocol

Important changes to the trial after it commenced including any outcomes or
analyses that were not

Title and abstract Title

abstract
structured

Open science

Methods

Patient involvement
public
prespecified, with reason Trial setting

Settings (e.g., community, hospital) and locations (e.g., countries, sites) where
the trial was conducted

Eligibility criteria for participants

If applicable, eligibility criteria for sites and for individuals delivering the inter-
ventions (e.g., surgeons, physiotherapists)

Intervention and comparator with sufficient details to allow replication. If rel-
evant, where additional materials describing the intervention and comparator
(e.g., intervention manual) can be accessed

Outcomes

Pre-specified primary and secondary outcomes, including the specific measure-
ment variable (e.g., systolic blood pressure), analysis metric (e.g., change from
baseline, final value, time to event), method of aggregation (e.g., median, pro-
portion), and time point for each outcome

Harms
How harms were defined and assessed (e.g., systematically, non-systematically)
Sample size

How sample size was determined, including all assumptions supporting the sam-
ple size calculation

Explanation of any interim analyses and stopping guidelines
Who generated the random allocation sequence and the method used

Type of randomisation and details of any restriction (e.g., stratification, blocking
and block size)
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Allocation concealment mechanism

Mechanism used to implement the random allocation sequence (e.g., central com-
puter/telephone; sequentially numbered, opaque, sealed containers), describing
any steps to conceal the sequence until interventions were assigned

Implementation

Whether the personnel who enrolled and those who assigned participants to the
interventions had access to the random allocation sequence

Blinding

Who was blinded after assignment to interventions (e.g., participants, care
providers, outcome assessors, data analysts)

If blinded, how blinding was achieved and description of the similarity of inter-
ventions

Statistical methods used to compare groups for primary and secondary out-
comes, including harms

Eligibility criteria Intervention comparator
Randomisation: Sequence generation
Statistical methods

Definition of who is included in each analysis (e.g., all randomised participants),
and in which group

How missing data were handled in the analysis

Methods for any additional analyses (e.g., subgroup and sensitivity analyses),
distinguishing prespecified from post-hoc

For each group, the numbers of participants who were randomly assigned, re-
ceived intended intervention, and were analysed for the primary outcome

For each group, losses and exclusions after randomisation, together with reasons

Dates defining the periods of recruitment and follow-up for outcomes of benefits
and harms

If relevant, why the trial ended or was stopped

Intervention and comparator as they were actually administered (e.g., where
appropriate, who delivered the intervention/comparator, how participants ad-
hered, whether they were delivered as intended [fidelity])

Concomitant care received during the trial for each group
Baseline data
A table showing baseline demographic and clinical characteristics for each group

Numbers analysed, outcomes and estimation
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For each primary and secondary outcome, by group: the number of participants
included in the analysis the number of participants with available data at the
outcome time point result for each group, and the estimated effect size and its
precision (such as 95% confidence interval) for binary outcomes, presentation
of both absolute and relative effect size

Harms
All harms or unintended events in each group
Ancillary analyses

Any other analyses performed, including subgroup and sensitivity analyses, dis-
tinguishing prespecified from post-hoc

Interpretation consistent with results, balancing benefits and harms, and con-
sidering other relevant

Results

Participant flow, including flow diagram Recruitment Intervention comparator
delivery

Discussion
Interpretation
evidence Limitations

Trial limitations, addressing sources of potential bias, imprecision, generalisabil-
ity, and, if relevant, multiplicity of analyses

*We strongly recommend reading this statement in conjunction with the CON-
SORT 2025 Explanation and Elaboration and /or the CONSORT 2025 Expanded
Checklist for important clarifications on all the items. We also recommend read-
ing relevant CONSORT extensions. See www.consort-spirit.org.

Citation: Hopewell S, Chan AW, Collins GS, Hrébjartsson A, Moher D,
Schulz KF, et al. CONSORT 2025 Statement: updated guideline for reporting
randomised trials. BMJ. 2025; 388:¢081123. https://dx.doi.org/10.1136/bmj-
2024-081123. © 2025 Hopewell et al. This is an Open Access article
distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work
is properly cited.

Appendix 2 Supplementary Methods Development of an Al-Based Model and
Visual Assistive Tool For AI model development, laparoscopic surgical videos
collected from 20 medical centers between January 6, 2023, and September 1,
2023, were used. The inclusion criteria for the videos were defined as follows: a
resolution of no less than 720$x$560 pixels and full normal playback capability.
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All videos were retrospectively collected and anonymized prior to analysis to
ensure data security and privacy protection. To prevent data leakage between
subsets, videos were split on a per-video basis into training, validation, and test
sets at a ratio of 6:2:2.

During data annotation, two experienced surgeons (HC and XW) independently
labeled the onset and offset of active bleeding events in each video. Discrepancies
were resolved by consultation with a third senior surgeon to reach a consensus.

After temporal annotation, a 4-second clip (2 seconds before and 2 seconds after
event onset) was extracted for each bleeding event to form the bleeding-event
subset. During non-bleeding periods of each video, up to 100 non-overlapping
4-second clips were randomly sampled to form a nonbleeding control subset.
For all frames in the bleeding-event subset, Label Studio was used for frame-by-
frame point annotation of bleeding site locations. These annotations provided
spatiotemporal ground truth for model training, including bleeding site localiza-
tion and temporal tracking.

Based on the annotation information of the aforementioned video frames, a
multi-task deep learning framework was constructed for detection of bleeding
frames and tracking of bleeding sites in laparoscopic surgery videos. The frame-
work adopted a hierarchical spatiotemporal architecture in which video seg-
ments were processed through a shared backbone network to jointly perform
three tasks within a unified model: bleeding presence classification, frame-level
bleeding detection, and spatial localization of bleeding sites. The architecture
was designed to balance spatial localization precision and temporal consistency
by integrating feature representations at multiple spatial and temporal scales,
thereby enabling preservation of fine-grained visual details while incorporating
higher-level semantic context. For loss function design, task-specific loss func-
tions were employed, with an L1 loss used for optimization of bleeding site
spatial localization.

To evaluate the potential utility of the proposed model in supporting surgeons
during operative tasks, a surgical visual assistance tool was developed and de-
ployed in a preclinical setting. The primary design objective of the tool was
to integrate the bleeding detection and tracking algorithm into a task-oriented
interactive interface. Functionally, the algorithm was embedded within the core
system of the tool, with an option allowing users to activate or deactivate Al-
assisted visual guidance. When activated, the system was configured to analyze
surgical videos in real time and highlight detected bleeding sites using a hol-
low green bounding box. When deactivated, the system displayed the surgical
videos without any Al-generated visual prompts. In addition, the tool incorpo-
rated an automated data recording and feedback module. This module recorded
response time and number of clicks, compared each click location with ground
truth bleeding site annotations using spatial matching, and provided immediate
feedback to users. This design enabled direct comparison of surgeons’ task per-
formance under Al-assisted and non-assisted conditions, facilitating objective
evaluation of the algorithm’ s supportive role in bleeding management.
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Model Performance Evaluation

Model performance was evaluated using sensitivity (recall), specificity, precision,
Fl-score, and the area under the receiver operating characteristic (ROC) curve.
These metrics were defined as follows:

Sensitivity/ Recall = TP/ (TP+FN) Specificity = TN/ (FP+TN) Precision =
TP/ (TP+FP) F1 = (2xPrecisionxRecall)/ (Precision +Recall) Here, TP, FP,
TN, and FN represent the numbers of true positive, false positive, true negative,
and false negative pixels, respectively. All these indicators range from 0 to 1,
with higher values indicating better performance.

In addition, mean absolute error (MAE) was defined as the mean absolute dif-
ference between the bleeding frames predicted by the model and the manually
annotated ground-truth bleeding frames in uniformly sampled video clips. Mean
distance error (MDE) was defined as the Euclidean distance between the coordi-
nates of bleeding sites predicted by the model and the corresponding manually
annotated ground-truth coordinates. All image coordinates were normalized,
with the top-left corner defined as the origin.

Randomization and Blinding Participants were stratified by surgical experience
and randomly assigned to study groups using block randomization. The random
allocation sequence was generated by a professional statistician using R software
and stored in sealed, opaque envelopes to ensure allocation concealment.

Participant enrollment and group assignment were performed by a dedicated
research assistant(PX) who was not involved in subsequent data collection or
statistical analysis. Group allocation was determined by drawing a sealed enve-
lope immediately after each participant was formally enrolled.

Owing to the visually apparent nature of the Al-assisted visual guidance, blind-
ing of participants, surgeons, investigators, and outcome assessors was not fea-
sible; accordingly, no blinding was implemented in this trial. All personnel
involved in the intervention, data collection, and statistical analysis remained
aware of group assignments throughout the study.

Sample Size Calculation The sample size was determined based on results from a
preliminary pilot experiment. In the pilot experiment, the mean reaction time
was 1.99 seconds in the experimental group and 2.18 seconds in the control
group, with a pooled standard deviation of

0.
1. Using an independent two-sample ttest (two-tailed @ = 0.05, power =
0.80), an initial sample size of 67 participants was estimated.

Allowing for an anticipated attrition rate of 15%, the final planned sample size
was 77 participants, ensuring balanced representation of junior and senior sur-
geons.

Appendix Figure Methods. Workflow of the Al-based bleeding sites detection
model for laparoscopic surgical videos: This diagram outlines the full pipeline
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of data processing, annotation, and model construction for identifying bleeding
events (frames and locations) in surgical video footage:

1. Data Collection & Splitting: Surgical videos meeting inclusion criteria
(resolution > 720$x$560, no patient privacy issues) are collected, then
split into training, validation, and test sets at a 6:2:2 ratio;

2. Video & Frame Annotation: Two surgeons independently annotated bleed-
ing events in the videos,

extracted 4-second video clips of bleeding events, and conducted frame-by-frame
labeling of hemorrhage points in each of these clips.

3. Model Input Preparation: Annotated video clips are processed via 3D
patch embedding to generate spatiotemporal features;

4. Model Architecture & Outputs: Features are fed into a hierarchical net-
work (Hiera Stage 1-4) with 3D convolution modules. The network out-
puts three results via dedicated heads: Classification Head: Classifies clips
as “Bleeding”or “Non-bleeding”; Detection Head: Identifies bleeding frames
within clips; Location Head: Predicts the 2D coordinates (x,

y) of bleeding points in frames.
Appendix 3 Appendix Figure

1. The ROC curve of Al-based bleeding sites detection model: AUC was
0.985 (95% CI: 0.980-0.990)

Appendix 4 Table Baseline characteristics for the participants in preclinical
validation.

Overall
Experimental Group
Control group
(Al-assisted)

(No Al-assisted)
(n=38)

(n=39)

25 (65.79)

33 (92.31)

(n=77) Gender Men (n, %)
58 (75.32)

Women (n, %)

19 (24.68)
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13 (34.21)

6 (15.39)

30.093+%5.37

30.71$+%6.04

29.49$+%$4.03

Senior surgeon (n, %)

38 (49.35)

19 (50.00)

19 (48.72)

Junior surgeon (n, %)

39 (50.65)

19 (50.00)

20 (51.28)

Almost never play (<0.5 hours/week)
36 (46.75)

18 (47.37)

18 (46.15)

Occasional play (0.5-2 hours/week)
21 (27.27)

12 (31.58)

9 (23.08)

Frequent play (>2 hours/week)

20 ((25.97)

8 (21.05)

12 (30.77)

Age (year) (meantstandard deviation) Seniority*
Previous gaming experience (n, %)
Monthly laparoscopic surgery volume (n, %) < 5 cases
31 (40.26)

13 (34.21)

18 (46.15)
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5-10 cases
21 (27.27)
12 (31.58)
9 (23.08)
11-20 cases
10 (12.99)
6 (15.79)
4 (10.26)
> 20 cases
15 (19.48)
7 (18.42)
8 (20.51)
Never
34 (44.16)
20 (52.63)
15 (38.46)
1-2 times
36 (46.75)
15 (39.47)
20 (51.28)
3-5 times
5 (6.49)
2 (5.26)
3 (7.69)

5 times
2 (2.60)
1 (2.63)
1 (2.56)
Bad events experience (n, %)
Physical discomfort during the task (n, %)
58 (75.32)
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32 (84.21)

27 (69.23)

Mild discomfort
19 (24.68)

6 (15.79)

12 (30.77)

Severe discomfort
0 (0)

0 (0)

0 (0)

*Seniority: grouping was performed according to the duration of laparoscopic
surgery experience. The junior surgeon group (laparoscopic surgery experience
< 3 years) and the senior surgeon group (laparoscopic surgery experience > 3
years).

Monthly laparoscopic surgery volume: number of participants per surgical vol-
ume category.

+ Bad events experience: participants with a prior history of severe conse-
quences resulting from delayed hemostasis during laparoscopic surgery. TMild
discomfort: such discomfort did not necessitate halting the task for adjustments.

Appendix 5

Table NES of participants in the experimental and control groups at different
stages during the preclinical validation.

Experimental Group
Control group
(Al-assisted)

(No Al-assisted)
(n=38)

(n=39)

NES before validation
1.71$+£8$1.01
1.92$+$1.20

NES during validation
2.68%5+%1.28
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3.08$+$1.06

NES after validation

1.68%+30.84

2.95$+$1.05

<0.001

NES during minus before validation
0.97$+9$1.41

1.15$+81.18

NES after minus before validation
-0.03$+%1.37

1.038+%1.65

NES: negative emotion scores.

Data in this table are presented as

mean+standard deviation, with values of P < 0.05 shown in bold.

P value

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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