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cholecystectomies are performed annually in 
the United States, accounting for roughly 90% of 
all cholecystectomies.4 However, this operation can 
lead to severe complications, such as intraopera‑
tive bile duct damage. Therefore, even experienced 
surgeons must be cautious while performing it.5,6

INTRODUCTION  Minimally‑invasive cholecystecto‑
my, performed using laparoscopic or robotic meth‑
ods, is one of the most frequently performed sur‑
gical procedures.1‑3 Owing to its advantages, in‑
cluding faster recovery and better cosmetic out‑
comes, approximately 750 000 minimally‑invasive 

ORIGINAL PAPER  General surgery

An artificial intelligence–based image 
recognition model using indocyanine green 
cholangiography to identify the hepatocystic 
triangle during minimally‑invasive 
cholecystectomy

Jong‑Uk Hou1, Tae Yoo2, Seong Wook Park1, Seung‑Lee Lee1, Jung Min Lee2, 
Won Tae Cho2, Kyung Ho Pak2, Dong Woo Shin2, Choon Hyuck D. Kwon3

1 � Division of Software, Hallym University, Chuncheon‑si, Kangwon‑do, Republic of Korea
2 � Department of Surgery, Hallym University College of Medicine, Hwaseong‑si, Gyeonggi‑do, Republic of Korea
3 � Transplant Center, Cleveland Clinic, Cleveland, Ohio, United States

Correspondence to:
Tae Yoo, MD, PhD, Department 
of Surgery, Hallym University 
College of Medicine, 
7 Keunjaebong‑gil, Hwaseong‑si, 
18450 Gyeonggi‑do, Republic of 
Korea, phone: +82 31 8086 2430, 
email: youts@hanmail.net
Received: November 6, 2025.
Revision accepted: 
December 10, 2025.
Published online: 
December 15, 2025.
Wideochir Inne Tech Maloinwazyjne. 
2025; 20 (4): 432‑438
doi:10.20452/wiitm.2025.17997
Copyright by the Authors, 2025

KEY WORDS

artificial intelligence, 
deep learning, 
indocyanine green 
cholangiography, 
laparoscopic 
cholecystectomy

ABSTRACT

INTRODUCTION  Minimally‑invasive cholecystectomy is one of the most commonly performed surgical 
procedures. However, iatrogenic injuries related to the hepatocystic triangle anatomy can occur even if 
the performing surgeon has extensive experience. Therefore, an objective method that could help prevent 
such damages during surgery is needed.
AIM  This study aimed to develop an artificial intelligence (AI)-based image recognition model using 
indocyanine green (ICG)-based near‑infrared cholangiography (NIRC) to identify the hepatocystic triangle 
during minimally‑invasive cholecystectomy.
MATERIALS AND METHODS  Anatomical landmark prediction of the hepatocystic triangle was evaluated 
using the YOLOv5s model, a real‑time object detection algorithm in computer vision. From 200 chole‑
cystectomy videos, 3796 images were extracted, of which 2979 were used for training and 817 for 
validation. Original and ICG‑enhanced images were overlaid and annotated to identify the hepatocystic 
triangle, and the model generated bounding boxes for each predicted landmark.
RESULTS  Using the nonmaximum suppression (NMS) algorithm, model performance changed accord‑
ing to the intersection over union (IoU) threshold. This high level of IoU threshold (0.7–0.9) resulted in 
duplicate predictions. The optimal IoU of NMS was 0.6 in multiple experiments, and the average preci‑
sion score was 0.859.
CONCLUSIONS  We successfully developed an AI‑based image recognition model using intraoperative 
ICG‑NIRC to predict the  location of the hepatocystic triangle and help prevent bile duct injury during 
cholecystectomy. This model, based on real anatomical localization data, shows potential clinical utility 
by predicting the bile duct location before tissue dissection.
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AIM  To overcome this limitation, this study de‑
veloped a model to determine the exact location 
of the hepatocystic triangle using indocyanine 
green (ICG) fluorescent staining technology called 
ICG‑based near‑infrared cholangiography (NIRC).

MATERIALS AND METHODS  This study was ap‑
proved by the  Institutional Review Board of 
the Hallym Medical Center (2022‑10-011). All re‑
search involving human participants was conduct‑
ed in accordance with the Declaration of Helsin‑
ki. Written informed consent was obtained from 
all participants prior to inclusion. The sample 
size was determined after reviewing a study by 
Madani et al.11 The area under the curve (AUC) 
for imaging‑based recognition of the hepatocys‑
tic triangle in the aforementioned study was 0.79. 
Assuming a 3% difference in AUC, a 2‑sided sig‑
nificance level of 0.05, and a statistical power 
of 90% (accounting for a dropout rate of 20%), 
the  required total sample size was estimated 
at 200 patients. The calculation was performed 
using G‑Power 3.1 software (Heinrich‑Heine Uni‑
versity, Düsseldorf, Germany).

Dataset and annotations  A total of 264 cholecys‑
tectomy videos (laparoscopic, n = 158 and robotic, 
n = 42) performed at the Hallym University Med‑
ical Center between January 2018 and December 
2021 were retrospectively collected in an anony‑
mized manner. Of them, 64 videos documenting 
any image corruption due to camera issues (n = 32) 
or blurriness due to moisture (n = 32) were ex‑
cluded. The remaining 200 videos were analyzed. 
The inclusion criteria comprised: 1) a diagnosis of 
gallbladder polyps or symptomatic gallstones with‑
out evidence of common bile duct stones (grade 
1–2 as per the Tokyo guidelines for the diagno‑
sis and severity grading of acute cholecystitis)18; 
2) age between 18 and 80 years; 3) ability to ad‑
here to the protocol and provide written informed 
consent; 4) no previous upper abdominal surgery; 
and 5) no liver cirrhosis. The patients’ characteris‑
tics are summarized in TABLE 1. The cohort consisted 
of 114 men (57%) and 86 women (43%), at mean 
(SD) age of 43.1 (8.9) years and mean (SD) body 
mass index (BMI) of 26.7 (4.6) kg/m². Most pa‑
tients were classified as American Society of An‑
esthesiology class II (74%), while 26% were

class I. The primary indications for surgery were 
calculous cholecystitis (77%) and gallbladder pol‑
yps (23%). Regarding the surgical approach, 83 pa‑
tients (42%) underwent LC, whereas 117 patients 
(58%) were subjected to robotic cholecystectomy.

The hepatocystic triangle was defined as a tri‑
angular space at the porta hepatis of surgical im‑
portance, as it is dissected during cholecystectomy. 
Its boundaries—the cystic duct (left border), com‑
mon bile duct (right border), and inferior surface 
of the liver (superior border)—were clearly iden‑
tified during NIRC. The images from the selected 
videos included frames from the point of hepato‑
cystic triangle exposure to cystic duct ligation, con‑
firmed in both the original surgical videos and ICG 

Bile duct injury is a complication associated with 
significant perioperative morbidity and mortality 
(up to 3.5%), reduced long‑term survival and qual‑
ity of life, and high rates of subsequent litigation.7 
Moreover, late complications arising after bile duct 
injury include liver fibrosis or even secondary bili‑
ary cirrhosis and portal hypertension, often result‑
ing from prolonged biliary obstruction.8‑10 One of 
the major causes of bile duct damage is misjudg‑
ment of the hepatocystic triangle’ location, which 
may occur regardless of the surgeon’s experience.6 
The bile duct serves as a conduit for bile flow and 
appears as a greenish structure; however, it is often 
embedded within adipose or fibrous tissue. In pa‑
tients with obesity or severe cholecystitis, the bile 
duct is not clearly visible, and may be mistaken for 
another structure. Therefore, an objective localiza‑
tion method that can help prevent bile duct dam‑
age during surgery is required. Recently, artificial 
intelligence (AI) technology based on deep learning 
has emerged as a promising tool in this field.11,12

Deep learning, a subset of machine learning, 
trains computers to perform human‑like tasks, 
such as image recognition and prediction. Unlike 
conventional algorithms that rely on predefined 
rules, deep learning establishes basic parameters 
and allows computers to learn autonomously by 
recognizing patterns through multiple process‑
ing layers. This approach has been increasingly 
applied in diagnostic imaging, including radiolo‑
gy and endoscopy, and is now being implement‑
ed in surgery.13‑15 Several studies have explored AI 
models to track the hepatocystic triangle and pre‑
vent bile duct injury during laparoscopic cholecys‑
tectomy (LC).11,16,17 However, a major limitation of 
these studies lies in the subjective identification 
of the hepatocystic triangle. Despite ongoing re‑
search, precise localization of this anatomical re‑
gion remains challenging when it is not visible.

TABLE 1  Patient characteristics (n = 200)

Parameter Value

Sex Women 86 (43)

Men 114 (57)

Age, y 43.1 (8.9)

Body mass index, kg/m2 26.7 (4.6)

ASA classification Class I 52 (26)

Class II 148 (74)

Indication of surgery Calculous cholecystitis 154 (77)

Gallbladder polyp 46 (23)

Surgical type Laparoscopic cholecystectomy 83 (42)

Robotic cholecystectomy 117 (58)

Preoperative laboratory 
results

White blood cell count, × 103 7.3 (2.2)

Total bilirubin, μmol/l 13.68 (6.84)

Alanine aminotransferase, IU/l 65.2 (85.8)

Alkaline phosphatase, IU/l 78.6 (37.9)

Data are presented as number (percentage) or mean (SD).

Abbreviations: ASA, American Society of Anesthesiology
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dataset consisted of 2979 training and 817 vali‑
dation images.

Detection of the landmark (hepatocystic triangle)  In 
computer vision, the task of locating and predict‑
ing an object’s position is referred to as object de‑
tection. Since the landmark’s location should be 
indicated in real time, both accuracy and calcula‑
tion speed were critical considerations in model 
development. Therefore, we used the YOLO archi‑
tecture (Ultralytics, London, United Kingdom) for 
real‑time object detection,20 specifically, the most 
recent YOLO model—the YOLOv5s—which we 
selected from the official Ultralytics implementa‑
tion (version 7.0; https://github.com/ultralytics/
yolov5) because of its excellent trade‑off between 
speed and accuracy in surgical object‑detection 
tasks.21

The YOLOv5s model follows a structured ap‑
proach to object detection. First, it processes an in‑
put image through the feature extraction step, 
where it identifies important patterns, such as 
the brightness and shape of the hepatocystic trian‑
gle. Then, the model refines this information at the 
feature processing stage, which helps improve de‑
tection under different conditions, such as varia‑
tions in patient anatomy or surgical lighting. Fi‑
nally, at the detection stage, the model generates 
a bounding box around the hepatocystic triangle, 
helping surgeons visualize the area of interest. 
This structured approach ensures that the model 

fluorescence images (RUBINA ICG platform; KARL 
STORZ SE Co., Tuttlingen, Germany; Firefly Fluo‑
rescence imaging; Intuitive Surgical Inc., Sunny‑
vale, California, United States). ICG‑based NIRC 
was performed within 1 hour after intravenous ad‑
ministration of 0.25 mg/kg ICG to facilitate accu‑
rate bile duct identification.19 All images were an‑
onymized and assigned serial numbers. The anno‑
tation process was performed iteratively to max‑
imize model learning efficiency (FIGURE 1), and was 
as follows: 1) extraction and labeling of the origi‑
nal image files showing the hepatocystic triangle 
from surgical video images; 2) extraction and la‑
beling of the ICG fluorescence image files depict‑
ing the exact triangle location; and 3) overlaying 
and matching of the original and ICG fluorescence 
images, and setting the hepatocystic triangle as 
the annotation target for model labeling.

Labeling accuracy was verified by 1 experienced 
surgeon (TY) and 1 medical imaging technician 
(J-UH). After matching ICG fluorescence images, 
both confirmed the final labeled location of the tri‑
angle. The annotation process was conducted using 
the MakeSense platform (http://makesense.ai).

Data analysis  A total of 3796 images were extract‑
ed from 200 cholecystectomy videos, and divid‑
ed into training and validation datasets. The im‑
ages and corresponding landmarks (hepatocys‑
tic triangle) were separated by patient to pre‑
vent data leakage between the datasets. The final 

FIGURE 1�  Preparation and annotation of datasets: the original endoscopic view (A) and the view of indocyanine green near‑infrared 
cholangiography (B). For the annotation process, the 2 images were overlaid, and the hepatocystic triangle was set as the annotation target (C).
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prevent overfitting by terminating training when 
no improvements were observed for 100 consecu‑
tive epochs. The model was trained using a stochas‑
tic gradient descent optimizer with a momentum 
method, with an initial learning rate of 0.01 that 
progressively decreased according to a λ learning 
rate scheduler. For real‑time feasibility, the trained 
model was evaluated for computational efficiency. 
The inference speed was approximately 10–15 ms 
per image at a resolution of 640 pixels × 640 pix‑
els, demonstrating near‑instantaneous detection 
suitable for intraoperative use. This speed enables 
seamless integration into surgical workflows with‑
out introducing significant delays.

Statistical analysis  When predicting landmarks, 
the YOLOv5s model outlines bounding boxes on 
each landmark against the output image files. This 
model generates multiple bounding boxes overlap‑
ping around a target, which are then refined us‑
ing the nonmaximum suppression (NMS) algo‑
rithm.22 The model’s performance varies depend‑
ing on the intersection‑over‑union (IoU) thresh‑
old set for NMS. Bounding boxes predicted in du‑
plication are removed if their IoU value exceeds 
the threshold specified by the hyperparameter. 
We systematically varied the NMS IoU thresh‑
old from 0.2 to 0.9 in 0.1 increments. The per‑
formance was evaluated using standard common 
objects in context object‑detection metrics: mean 
average precision (AP) at IoU threshold 0.5, pre‑
cision, recall, and F1‑score, calculated at a con‑
fidence threshold of 0.25. To optimize the IoU 
threshold between the predicted bounding box 
and the ground truth, we evaluated performance 
using an AP score, a standard metric for assessing 
object detection accuracy.

can operate efficiently in real time without com‑
promising accuracy. By dividing the detection pro‑
cess into these three steps, the model remains in‑
terpretable and clinically applicable for real‑world 
surgical use.

Deep learning model training  Data augmentation 
was applied to increase the diversity of the train‑
ing set and improve model generalization. The fol‑
lowing on‑the‑fly augmentations were applied 
with default YOLOv5 probabilities: resizing to 
640 pixels × 640 pixels, horizontal flip (P = 0.5), 
scale (±0.5), translation (±0.1), hue (±0.015), sat‑
uration (±0.7), and value (±0.4) mosaic augmenta‑
tion (P >0.99), which combines multiple images to 
enhance learning efficiency. The training process 
was conducted for up to 600 epochs using a batch 
size of 16 on an Nvidia RTX 3090 graphical pro‑
cessing unit (Nvidia Corp., Santa Clara, California, 
United States). Early stopping was implemented to 

TABLE 2  Average precision score according to each nonmaximum suppression’s 
intersection over union threshold (0.2–0.9)

NMS’s IoU threshold AP score for IoU threshold

0.2 0.829

0.3 0.836

0.4 0.84

0.5 0.844

0.6 0.859

0.7 0.837

0.8 0.82

0.9 0.735

Abbreviations: AP, average precision; IoU, intersection over union; NMS, nonmaximum 
suppression

FIGURE 2�  Box prediction loss of training and validation data during model training; loss graph based on the training (A) and the validation dataset (B)
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by halting training when the validation loss fails 
to decrease over a specified number of epochs. 
Therefore, although we initially set the training 
for 600 epochs, the process terminated earlier 
due to the application of early stopping (FIGURE 2B).

Optimal intersection over union threshold  Through 
multiple experiments, we determined that the op‑
timal IoU threshold for our model was 0.6 (FIGURE 3; 
TABLE 2). At this optimal IoU threshold, the final 
model demonstrated the precision–recall curve and 
an AP score shown in FIGURE 4 (AP score = 0.859).

DISCUSSION  In our study, we developed a train‑
ing model that detects the location of the hepa‑
tocystic triangle based on the YOLOv5 architec‑
ture. To contextualize our findings, we examined 
the characteristics of different object detection al‑
gorithms. YOLOv5 has been reported to outper‑
form its predecessor, YOLOv3, with an approx‑
imate 10%–15% increase in AP while maintain‑
ing computational efficiency.20,21 In comparison 
with alternative detection frameworks, such as 
EfficientDet‑D0 (Google, Mountain View, Califor‑
nia, United States) and Faster R‑CNN (Microsoft, 
Redmont, Washington, United States), YOLOv5 of‑
fers a favorable trade‑off, providing high detection 
accuracy without significant sacrifices in processing 
speed. Considering these factors, our selection of 
YOLOv5 represents a well‑balanced choice, offer‑
ing both accuracy and efficiency for real‑time hepa‑
tocystic triangle detection in surgical procedures.

ICG fluorescence–guided laparoscopy provides 
several advantages, including enhanced tissue con‑
trast, improved accuracy of bile duct identification, 
and better intraoperative lymph node retrieval.24 
This approach is minimally invasive, does not re‑
quire ionizing radiation, and integrates seamless‑
ly with current laparoscopic systems equipped 
with NIR modules. Currently, cholangiography us‑
ing ICG is used in various hepatobiliary surgeries. 
The advantage of this technique is that it allows for 
accurate identification of the bile duct even when 
it cannot be distinguished from the surrounding 
soft tissue, and it enables visualization of ana‑
tomical structures and bile duct variations with‑
out dissection or tissue damage.19 Unlike conven‑
tional cholangiography, ICG‑based NIRC during 
LC is especially convenient because it can check 
the bile duct damage in real time without requir‑
ing radiology equipment, specialized personnel, 
irradiation, and additional costs.25 Therefore, this 
study applied the laparoscopic images of NIRC us‑
ing ICG to develop a prediction model of the he‑
patocystic triangle’s localization.

LC is one of the most commonly performed sur‑
gical procedures worldwide. However, the incidence 
of iatrogenic bile duct damage has increased sig‑
nificantly from 0.2% to 3.5%, according to previ‑
ous studies.26,27 As uncontrolled bile leak after bile 
duct damage is a fatal risk, every surgeon must pay 
close attention to the hepatocystic triangle dur‑
ing LC.28,29 Moreover, even experienced surgeons 
may accidentally cause bile duct damage due to 

RESULTS  Observation of training with early stop‑
ping  In FIGURE 2, we illustreted the learning process 
of our model. During training (FIGURE 2A), the train‑
ing loss gradually decreased as the number of ep‑
ochs increased. However, the validation loss began 
to rise again after reaching its lowest point around 
40 epochs. This phenomenon is generally regard‑
ed as overfitting, which occurs when a model be‑
comes biased towards the training data, resulting 
in poor generalization to unseen datasets.

Since overfitting had already progressed, early 
stopping was applied to prevent inefficient learn‑
ing.23 Early stopping is used to prevent overfitting 
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FIGURE 3�  Precision‑recall curves according to nonmaximum suppression intersection 
over union threshold (IoU; range, 0.2–0.9)
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simplified the annotation process. We aimed to find 
the optimal predictive value using the IoU thresh‑
old and AP score. Among IoU thresholds ranging 
from 0.2 to 0.9, the 0.6 threshold showed the op‑
timal AP score.

There are several limitations to be acknowl‑
edged. First, even though ICG cholangiography 
is useful for bile duct visualization, its tissue pen‑
etration depth is limited to 5–10 mm.32,33 In ad‑
dition, ICG metabolism varies depending on liver 
function.19 Therefore, to obtain high‑quality im‑
ages, a good view of the structure and adequate 
patient selection must be ensured. To minimize 
the limitations, our study enrolled patients with 
normal liver function, without a surgical history or 
severe adhesions, and no inflammation of the gall‑
bladder. Second, this model was trained on still 
images from a limited number of patients rath‑
er than video sequences. In clinical practice, pre‑
dictive modeling based on continuous video data 
would be more useful. We plan to develop a video
‑based predictive model using a larger NIRC da‑
taset in future research. Finally, cross‑validation 
testing has not yet been performed, which lim‑
its the generalizability of our findings. Moreover, 
quantitative comparisons with other studies re‑
main challenging. To date, investigations have 
been conducted only in a few centers with limit‑
ed cohorts,11,12,16 and robust comparative analyses 
will require multiple studies with adequately pow‑
ered sample sizes. As this study represents a pre‑
liminary step, we plan to evaluate the model’s pre‑
dictive performance in future experiments under 
more clinically realistic conditions.

To further assess the model’s performance, 
we examined the cases where the YOLOv5 mod‑
el failed to correctly detect the hepatocystic tri‑
angle. We identified 2 primary failure scenarios: 
1) low‑light conditions reducing contrast in ICG 
fluorescence (n = 2) and 2) anatomical variations 
leading to inconsistencies with the training data 
(n = 1). Low‑light conditions have been attribut‑
ed to impaired tissue penetration in the patients 
with thick peritoneal fat or peritoneal adhesions 
secondary to inflammation.19 Therefore, in indi‑
viduals with severe cholecystitis or obesity, NIRC 
may fail to delineate the precise anatomy of the ex‑
trahepatic bile ducts buried within dense connec‑
tive tissues prior to dissection of the hepatocys‑
tic triangle. Wang et al32 reported that BMI above 
25 kg/m² reduced the visibility of biliary struc‑
tures during NIRC, and similar findings were ob‑
served by Dip et al.34 In the current study, only 
the patients with grade 2 or lower cholecystitis 
were included. However, 9 patients had BMI equal 
to or greater than 25 kg/m², among whom 2 cas‑
es of image‑detection failure under low‑light con‑
ditions were recorded. Additionally, 1 case of de‑
tection failure occurred due to biliary tract varia‑
tion. Preoperative magnetic resonance cholangio‑
pancreatography showed a low‑lying hepatocystic 
triangle, characterized by early cystic duct origin 
within the pancreas. Addressing these limitations 
in future work could involve incorporating more 

misrecognition of its anatomy. In fact, in a survey 
study of 600 skilled surgeons, 72.3% experienced 
bile duct damage and 40.5% admitted that they 
had caused bile duct damage by misrecognizing 
its structure.30 Therefore, to overcome this prob‑
lem, image visualization research based on AI of‑
fers a promising alternative, as it may help identi‑
fy accurate images using repeated learning models 
and minimize human recognition errors.

Currently, studies utilizing AI to detect the lo‑
cation of the bile duct in LC are investigating 
3 different approaches. The first model identifies 
the hepatocystic triangle after bile duct dissec‑
tion, and develops a detection model based on ac‑
curate images obtained in this process.12,17 How‑
ever, complete dissection of the hepatocystic tri‑
angle is not commonly performed in clinical prac‑
tice; therefore, the obtained image data may be far 
from the actual surgical field. Furthermore, be‑
cause these images are acquired postdissection, 
bias may be introduced depending on the extent 
of tissue manipulation, making them unsuitable 
for predicting the hepatocystic triangle’s location 
before dissection.

The second model detects the location of the he‑
patocystic triangle by recognizing the surrounding 
anatomical landmarks.16,31 This allows for identi‑
fication of specific landmarks without exfoliating 
the bile duct. Since multiple landmarks are used in 
this model, it can provide objective data on the he‑
patocystic triangle’s location. However, this model 
does not yield precise information about the hepa‑
tocystic triangle itself. Indeed, the surgeon can pre‑
dict the location of the bile duct through the infor‑
mation on the surrounding landmarks, which are 
the operation’s critical points. However, it is not 
known whether the actual hepatocytic triangle is 
located in the surrounding landmarks. In partic‑
ular, caution should be exercised when using this 
model during surgery, as deterioration of the he‑
patocystic triangle may occur in the cases of pre‑
vious surgery or adhesions.

The third model distinguishes and predicts 
the “safe zone” (go zone) and “risk zone” (no‑go 
zone) based on the location of the hepatocystic tri‑
angle.11 This method effectively assists surgeons by 
color‑coding safe and dangerous areas, facilitating 
safer LC performance. However, the approach is 
time‑consuming, and requires extensive manual 
annotation by experienced surgeons across thou‑
sands of images.

In this study, we developed a model for the de‑
tection of the hepatocystic triangle’s location us‑
ing ICG‑based cholangiography. The annotation 
process was performed by confirming the actu‑
al localization of the hepatocytic triangle. There‑
fore, our image recognition model is expected to 
be more accurate than other existing models. In 
addition, as the bile duct was detected without 
dissection during LC, this model could help sur‑
geons identify the duct’s location before tissue dis‑
section. Moreover, as shown in FIGURE 1, we anno‑
tated the dataset by overlaying the ICG fluores‑
cence regions from 2 corresponding images, which 
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diverse training datasets, refining the preprocess‑
ing pipeline to enhance contrast in low‑light con‑
ditions, and developing adaptive algorithms that 
account for anatomical variations.

CONCLUSIONS  To the best of our knowledge, 
this is the first predictive model used for locating 
the hepatocytic triangle via intraoperative ICG 
cholangiography to prevent bile duct damage dur‑
ing LC. We expect that our model will be helpful 
in clinical practice, as it can predict the bile duct’s 
actual location before tissue dissection. We plan 
to develop a more advanced model that can be 
used in clinical practice by analyzing surgical fields.
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