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Abstract
Artificial Intelligence (AI) is playing an increasing role in several fields of medicine. AI is also used during laparoscopic 
cholecystectomy (LC) surgeries. In the literature, there is no review that groups together the various fields of application of 
AI applied to LC. The aim of this review is to describe the use of AI in these contexts. We performed a narrative literature 
review by searching PubMed, Web of Science, Scopus and Embase for all studies on AI applied to LC, published from 
January 01, 2010, to December 30, 2023. Our focus was on randomized controlled trials (RCTs), meta-analysis, systematic 
reviews, and observational studies, dealing with large cohorts of patients. We then gathered further relevant studies from the 
reference list of the selected publications. Based on the studies reviewed, it emerges that AI could strongly improve surgical 
efficiency and accuracy during LC. Future prospects include speeding up, implementing, and improving the automaticity 
with which AI recognizes, differentiates and classifies the phases of the surgical intervention and the anatomic structures 
that are safe and those at risk.

Keywords  Artificial intelligence (AI) · Artificial intelligence and laparoscopic cholecystectomy (LC) · Deep learning 
(DL) · Cholecystectomy · Bile duct injury (BDI)

Introduction

Artificial Intelligence (AI) is a discipline that studies models 
and the development of algorithms so that machines can 
acquire the ability to self-learn and achieve human-like per-
formances in complex tasks [1]. These algorithms are based 
on the analysis of large amounts of data, in a limited time 
span, and the ability to achieve learning, problem-solving, 
and decision-making in complex scenarios. AI represents, 
therefore, a tool that with the potential to revolutionize the 
practice of medicine in many fields, including surgery [2, 3].

Today, medicine has reached a numerous and complex 
level of data production. Analyzing this complexity of data 
is not always feasible in a short time and with skills that are 
difficult to group into a single expert. Therefore, machines 
with AI capabilities can be a support tool for "observing" 
the data, learning from the data and supporting the doctors 

in everyday choices [1]. Currently, AI does not have the goal 
of replacing the doctor [4].

Initially, the AI was trained to recognize and classify 
radiologic images, then surgical actions such as sutures and 
knots [5]. Currently, AI is applied intraoperatively: it rec-
ognizes the phases of a surgical procedure and the anatomic 
regions of interest (ROIs). In this context, AI has found 
application during laparoscopic cholecystectomy (LC) [6].

Cholecystectomy is the most common operation per-
formed worldwide by general surgeons with between 
750,000 and 1,000,000 performed only in the U.S. annually 
[7]. LC was introduced into clinical practice approximately 
30 years ago. It quickly became the gold standard operation 
for patients with symptomatic gallstones [8].

Despite the significant advantages, iatrogenic injuries can 
occur during LC [9]. Iatrogenic complications during LC 
require improved preventive strategies [10]. The difficulties 
of LC are linked to the recognition of the anatomic struc-
tures in case of inexperience of the surgeon or cholecystitis 
and to the recognition of the operating phase [11, 12]. One 
of the main complications is bile duct injury (BDI), caused 
by failure to recognize it by the surgeon [13, 14].
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Historically, surgery has been one of the branches most 
inclined to innovation and adoption of new technologies able 
to offer advantages in terms of performance [13]. Despite its 
potential, the development of medical AI systems represents 
an untapped opportunity, especially in surgery [15, 16].

Some typologies of AI as Machine Learning (ML) and 
Deep Learning (DL) have been evaluated to overcome the sur-
gical difficulties listed first. In the literature, several articles on 
this topic are present. To our knowledge, this is the first review 
that analyzes the application of AI during LC. Our review 
stems from the observation of the great importance that AI is 
assuming in recent years. The aim of this review is to evaluate 
the use of AI in recognizing the operative phases of LC, in 
identifying specific anatomic regions (at risk and not at risk) 
during the operation and its application during cholecystitis. 
Finally, we analyze the future prospects of this technology.

Methods

We performed a search on PubMed, Web of Science, Sco-
pus and EMBASE using the following keywords: “artificial 
intelligence and cholecystectomy” AND “artificial intelli-
gence and laparoscopic cholecystectomy” OR “application 
of artificial intelligence during a cholecystectomy” OR “AI 
and gallbladder anatomy” OR “AI and future perspectives 
in cholecystectomy” OR “Future of AI in automated laparo-
scopic cholecystectomy” OR “AI and surgery of cholecys-
tectomy”. Articles in the literature on AI applied to laparo-
scopic cholecystectomy from January, 2010 to December, 
2023 were analyzed (Table 1). Only English studies were 
included. Incomplete and non-peer reviewed in preprint arti-
cles were excluded. We focused our attention on randomized 

controlled trials (RCTs), meta-analysis, systematic reviews 
and observational studies on cohorts of patients. The articles 
included were either prospective or retrospective, monocen-
tric or multicenter studies, and with a variable number of 
patients (hundreds to thousands) (Tables 2, 3).

Our main outcome is to evaluate the current various stud-
ies regarding the association between AI and LC. Our sec-
ondary outcome is to evaluate any future prospects for the 
application of AI in the same field of interest.

From a total of 32 articles analyzed, 26 items were 
selected and 6 excluded, as shown in Table 1.

Terminology of AI

AI has various fields of application and branches of interest 
(Table 4; Graphic 1–2) [17, 18]. The most developed branch 
is ML (Graphic 2) [19]. ML uses algorithms that derive 
answers from a large amount of data and statistical analyses 
[20]. ML can be supervised or unsupervised. Supervised 
ML uses a training dataset to teach models to produce the 
desired output. An algorithm measures the accuracy of the 
model and corrects it until the desired result: in this way, the 
AI model improves and learns as time goes by. Examples of 
ML are neural networks (Graphic 3), linear regression, logis-
tic regression and random forest. Classifiers use algorithms 
to precisely assign test data into specific categories, while 
regression uses an algorithm to understand the relationship 
between dependent and independent variables and are useful 
for predicting specific numerical values. A practical applica-
tion of ML is the recognition, classification and categoriza-
tion of images and videos [18, 21].

Table 1   Research flowchart
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Unsupervised ML does not use predetermined annota-
tions, so it analyzes and clusters previously unlabeled data-
sets [22]. The main tasks of unsupervised ML are cluster-
ing, association and dimensionality reduction. Clustering is 
a data mining technique that groups unlabeled data based 
on their similarities or differences. This technique is use-
ful for compressing images and videos. Association uses 
different rules to find relationships between variables in a 
given dataset. Dimensionality reduction is used when the 
number of dimensions or features in a given dataset is too 
high. It reduces the number of data inputs to a manageable 
size while preserving data integrity. This is often used dur-
ing the processing phase of some preliminary data [17]. The 
fields of application of the Neuronal Networks and DL are 
shown in Graphs 4 and 5.

Results

The results of our review have been organized into para-
graphs, divided into fields of application of AI during LC. 
The topics concern the phases of the surgical intervention 
and the anatomic structures that are safe and those at risk.

AI and the critical view of safety

Iatrogenic BDI is one of the intraoperative complications 
of LC [23, 24]. In 1995, Strasberg et al. indicated a surgical 
strategy to obtain a better intraoperative view of the gall-
bladder and reduce iatrogenic lesions during cholecystec-
tomy [25]. This surgical approach is called Critical View of 
Safety (CVS) [26]. It is based on three principles: identifi-
cation of Calot's triangle and the hepatoduodenal ligament, 
mobilization of the gallbladder fundus, identification, isola-
tion and section of the cystic duct and cystic artery [27, 28]. 
The European Association of Endoscopic Surgery (EAES) 
recommends CVS as the best approach to cholecystectomy 
[29].

Despite the adoption of intraoperative CVS research, BDI 
rates remain higher than open cholecystectomy (0.1–0.2%), 
although decreasing over the years [30]. Some authors, such 
as Nijssen et al., have hypothesized incorrect awareness and 
standardized identification of CVS as the cause of this [31]. 
Nijssen's team analyzed videos of LC performed consecu-
tively from 2009 to 2011 (1108 patients) in their hospital 
[31]. According to the surgeons' operating notes, CVS was 
detected in 80% of cases. However, according to the review-
ers of these LCs, CVS was achieved in only 10.8% of cases 
and it was not achieved in any of the patients with BDI. The 
author concluded his article by highlighting the importance 
of video analysis of LCs to improve surgical technique and 
therefore reduce BDI. Rawlings et al. found similar findings Ta

bl
e 

2  
A

 su
m

m
ar

y 
of

 th
e 

ar
tic

le
s d

es
cr

ib
in

g 
th

e 
ro

le
 o

f A
I a

pp
lie

d 
to

 L
C

A
ut

ho
rs

Ye
ar

 o
f p

ub
lic

at
io

n
D

es
ig

n
Ty

pe
 o

f s
tu

dy
LC

 v
id

eo
s n

um
be

rs

M
as

ca
gn

i e
t a

l. 
[3

7]
20

20
Pr

os
pe

ct
iv

e
Si

ng
le

 c
en

te
r

10
0

M
as

ca
gn

i e
t a

l. 
[3

8]
20

22
Pr

os
pe

ct
iv

e
Si

ng
le

 c
en

te
r

20
1

M
ad

an
i e

t a
l. 

[3
9]

20
22

Pr
os

pe
ct

iv
e

M
ul

tic
en

te
r

29
0

La
pl

an
te

 e
t a

l. 
[4

0]
20

23
Pr

os
pe

ct
iv

e
M

ul
tic

en
te

r
25

K
ha

lid
 e

t a
l. 

[6
]

20
23

Pr
os

pe
ct

iv
e

Si
ng

le
 c

en
te

r
22

En
do

 e
t a

l. 
[4

1]
20

23
Pr

os
pe

ct
iv

e
Si

ng
le

 c
en

te
r

20
N

ak
an

um
a 

et
 a

l. 
[4

2]
20

23
Pr

os
pe

ct
iv

e
Si

ng
le

 c
en

te
r

10
Fu

jin
ag

a 
et

 a
l. 

[4
3]

20
23

Pr
os

pe
ct

iv
e

Si
ng

le
 c

en
te

r
92

K
aw

am
ur

a 
et

 a
l. 

[3
6]

20
23

Pr
os

pe
ct

iv
e

Si
ng

le
 c

en
te

r
72

G
ol

an
y 

et
 a

l.[
44

]
20

22
Pr

os
pe

ct
iv

e
M

ul
tic

en
te

r
37

1
C

he
ng

 e
t a

l. 
[4

8]
20

22
Re

tro
sp

ec
tiv

e
M

ul
tic

en
te

r
90



1659Updates in Surgery (2024) 76:1655–1667	

in their study: according to the surgeons, CSV was detected 
in 100% of cases in 54 LCs analyzed, but from the reviewers’ 
analysis of videos of these LCs, CVS was identified in only 
64% of cases [32].

These observations prompted Sanford and Strasberg to 
develop a method for the correct evaluation of CSV identi-
fied by surgeons from both photographic and video images 
of LCs [33]. The method consisted of a scale with 6 observa-
tion points, medial and lateral to the hepatocystic triangle. 
CVS was correctly identified in 96.5% of videos and 70% of 
LC images. Budding et al. assessed CVS through still images 
in only 27% of 63 LC procedures analyzed and reporting 
weak to minimal inter-rater agreement [34]. The result of 
these studies is the need to generate methods for the objec-
tive evaluation of LC frames or videos to improve both the 
surgical technique and the identification of CVS [35].

AI models were then created to try to achieve this [36]. 
Mascagni et al. performed a single-center study on this 
topic, analyzing the 60 s preceding clipping and cystic struc-
tures sectioning of 78 LC videos performed consecutively 
between March and June 2016 and attempting to document 
the achievement of CSV [37]. Video reviewers scored medial 
and lateral visualization of the hepatocystic triangle for each 
of the three CSV criteria. The authors' study is among the 
first to use LC videos instead of photographic images for 
CVS reporting, demonstrating a superiority in the consist-
ency of CVS evaluation from videos compared to that from 
photographic images. According to the authors, analyzing 
videos of LCs before sectioning cystic structures could be a 
starting point for training AI models.

Mascagni et al. developed an AI model to reduce the sub-
jectivity of CSV recognition [38]. According to the authors, 
the use of a DL model could automate CSV recognition. The 
ultimate goal was therefore to reduce the rate of iatrogenic 
injuries during LC. From 201 LC videos, 2854 images were 
extrapolated and used to train a deep neural network. The 
AI had to recognize the hepatocystic anatomy and classify 
the type of anatomic structure. The goal was to be able to 
predict the achievement of the CSV criteria. The AI was then 
trained with both a segmentation and classification model. 
This AI achieved a CSV criteria recognition accuracy level 
of 71.9% and a precision of 71.4%.

Also Madani et al. trained an AI model to recognize ana-
tomic structures of interest and safe and unsafe areas to per-
form LC [39]. The authors used 290 videos from American 
and European hospitals and from each of them they extrapo-
lated 10 frames previously clipping and sectioning the cystic 
structures. Three expert surgeons, for each frame, noted the 
possible presence of a specific anatomic structure (liver, 
gallbladder, hepatocystic triangle), a safe dissection area and 
an unsafe dissection area. A fourth hepatobiliary surgeon 
annotator evaluated the annotations applied on the pixels 
of the frames examined by the three surgeons previously. 

The safe dissection area (called Go) was located within the 
hepatocystic triangle near the inferior gallbladder border. 
The unsafe dissection area (called No-Go) was the area 
located most deeply in the hepatocystic triangle, together 
with the hepatoduodenal ligament and the hepatic hilum, and 
most likely to injure the cystic duct. The computer vision 
model obtained was that of semantic segmentation. Classic 
regions of interest (ROIs) are rectangles and include ana-
tomic ROI. ROIs may have a limited role in the surgical field 
where structures have more complex geometric configura-
tions and blend into their background. Semantic segmenta-
tion allows to delineate an anatomic structure along its exact 
boundaries pixel by pixel as an overlay on the original video. 
In fact, the authors superimposed the first model with Go 
areas on a second model with No-Go areas: these models 
were together named GoNoGoNet. A third model, called 
ChiletNet, simultaneously mapped the location of anatomic 
structures in each frame. In each of them, each pixel was 
classified as hepatocystic triangle, liver, gallbladder, or none 
of the above. To evaluate the performance of the models, the 
agreement between the expert surgeons' annotations and the 
AI's predictions of an anatomic structure was measured as 
semantic classification. For GoNoGoNet, the visual results 
were expressed either as a heat map (red region: highest 
probability of being in the Go region; blue region: lowest 
probability) or as a binary format (pixels in the Go region 
are highlighted and every pixel not in the Go region is not 
highlighted). Accuracy for pixel identification was greater 
than 90% for all structures.

The GoNoGoNet model was subsequently tested by 
another group of authors. Laplante et al. fed 47 frames of 
25 LC videos to the aforementioned AI model [40]. The 
annotations applied by six expert surgeons were compared 
with those of the AI. The authors concluded the study by 
stating that the AI predictions had high specificity/PPV for 
Go zones and high sensitivity/NPV for No-Go zones and 
that the model's prediction was better for No-Go zones than 
for Go.

The GoNoGoNet model was also tested by Khalid et al. 
[6]. The authors tested the AI on 11 videos in which BDI 
was present. Another group with 11 videos without BDI 
was used as a control group. GoNoGoNet detected 33.6% 
more total tissue interactions in the No-Go zones in the BDI 
group compared to the control group. This meant that the 
BDI videos showed more dissections occurring outside the 
safe regions suggested by the AI.

For the first time, Endo et al. have developed an AI 
model capable of identifying the anatomic structures of 
interest, during LC: the extrahepatic bile duct (EHBD), the 
cystic duct (CD), the lower border of the liver S4 (S4) and 
the Rouviere sulcus (RS) [41]. The authors used images 
derived from 95 LC videos to train an AI DL model, 
annotating anatomic structures of interest. The authors 
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excluded inflamed anatomic structures because they were 
difficult to annotate. An LC video of the 20 s preceding the 
detection of Calot's triangle was viewed by 4 experienced 
surgeons and 4 novice surgeons (with fewer than 50 LCs 
performed as first operator). The eight surgeons noted the 
anatomic landmarks mentioned above. Subsequently, the 
surgeons were shown the LC video with the annotations 
performed by the AI. In 26.9%, surgeons subsequently 
reformulated their notes, and 70% of these changes were 
considered safer changes, particularly for EHBD and CD. 
Subsequently, a questionnaire was submitted to the eight 
surgeons. In the questionnaire, it asked whether there was 
any change in each surgeon's perspective after watching 
the AI-driven video. Half of the interviewees considered 
the support given by AI in the safe recognition of anatomic 
structures to be significant.

Nakanuma et al. performed a similar experiment in their 
hospital center on ten cases of intraoperative LC, using 
an AI pre-trained to recognize anatomic structures [42]. 
Subsequently, a group of surgeons evaluated the accuracy 
of recognition of anatomic structures by the AI (CD, CBD, 
RS and S4). The structures of interest were delimited by 
ROIs in the shape of small tiles, of different color based 
on the anatomic structure. The small tiled automatically 
reposition and resized to form anatomic landmarks. In 
this case, the AI model (called YOLOv3) was directly 
connected to the integrated endoscopic operating room 
(EndoALPHA; Olympus Corp.). YOLOVv3 was installed 
on a monitor for landmark detection. In the operating 
room, there was also the main monitor that displays the 
endoscopic images. Then, the surgeons performed the 10 
LCs while observing both monitors. The delay between 
the surgical video and the video showing the AI tracking 
information was 0.09 s. For the authors, the use of AI was 
considered useful for the recognition of anatomic struc-
tures of interest. Later, the same group of authors used two 
AIs simultaneously to identify anatomic landmarks during 

different phases of LC [43]. One AI had to recognize the 
surgical time during LC and the other AI had to recognize 
the anatomic structures of interest. Again, the goal was to 
evaluate an AI model's ability to prevent BDI. The authors 
used 1826 images from 92 LCs to train the AI to recog-
nize CD, CBD, RS and S4. The annotations of the differ-
ent surgical phases and anatomic structures were made 
by two surgeons with at least 10 years of experience. The 
two surgeons performed approximately 10 thousand notes. 
According to the authors, the dual AI system recognized 
anatomic structures in 92% of LC steps.

Recently, Kawamura et al. [36] have developed an AI 
capable of reporting CSV intraoperatively during LC. 
The authors used 72 videos, excluding cases of severe 
cholecystitis, as the identification of anatomic structures 
was more difficult and excluding LCs that ended in open 
cholecystectomies. From the videos, 71,379 images were 
obtained for annotation. Also in this study, two doctors 
(surgeon and gastroenterologist) made the annotations to 
train the AI to identify CSV. The AI was trained to auto-
matically predict the anatomic ROI in which to find CSV. 
20 of the 72 LC videos were used for data evaluation. The 
mean values of overall precision and accuracy were 0.971 
and 0.834, respectively.

AI and recognition of cholecystectomy times

In addition to the application of AI in the recognition of 
anatomic structures during LC, some authors have trained 
AI in the recognition of surgical phases in LC videos. In 
particular, Golany et al. have developed an AI system (called 
Resnet50) capable of recognizing surgical phases during 
complex LC, such as in case of adverse events and compli-
cations [44]. The authors used 371 videos, of which 80% 
to train the AI and the remaining 20% to evaluate the AI. 
A group experienced surgeons (experience level more than 
20 years) noted 8 steps for each LC video: trocar insertion, 

Table 4   Terminology of Artificial Intelligence

Machine Learning Subfield of AI that focuses on the development of algorithms and statistical models that allow computers to learn and 
make decisions or predictions based on data

Deep Learning Subfield of ML that focuses on different layers of neural networks in order to recognize complex patterns, learn from data, 
and make decisions without having been explicitly programmed. The term "deep" refers to the depth of neural networks that allows them 
to extract a hierarchy of features from raw input data

Natural language processing Type of AI that have to teach computers how to analyze human language
Computer vision Subfield of AI that allows machines to derive and interpret information from visual data, images and videos
Expert system Computer program that uses AI to simulate the judgment and behavior of a human being or a group of human beings with 

specific expertise in a particular field of interest
Neural networks Computer system that are designed to mimic the functions of the human brain
Decision trees Graphical representation of decision-making process
Support vector machines ML algorithm used for classification and regression analysis
Data mining The revelation of patterns and insights in large datasets
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preparation, dissection of Calot's triangle, cropping and 
cutting, gallbladder dissection, gallbladder packing, cleans-
ing and hemostasis, and gallbladder extraction. Beyond 
these eight phases, the authors defined the phase in which 
the instruments did not perform any surgical movement as 
"inactive" and the phase in which the camera was outside 
the patient's body as "out of body". LC videos considered 
complex were those with major bleeding, gallbladder perfo-
ration, major bile leak. Finally, a score was assigned for the 
difficulty of each surgical procedure, based on the Parkland 
Grading Scale [45, 46]. Finally, a final score was assigned 
for achieving the CSV. After the training, the AI had to be 
able to classify the surgical phase of the LC in which the 
given input (video frame) administered was located. To tem-
porally classify the correct sequence of surgical stages, the 
authors integrated a variant of AI Cholec80, the so-called 
Multi-Stage Temporal Convolution Network (MS-TCN) [47]. 
Resnet50 achieved a classification accuracy of 78%. MS-TCN 
achieved a classification accuracy of 89%. The best results 
were obtained for the Calot's triangle dissection, clipping 
and cutting, and gallbladder dissection phases. The worst 
results were obtained for the preparation phase because it 
was confused with the dissection phase of Calot's triangle. 
Furthermore, as the complexity of the LC video increased, 
the accuracy of the model decreased, from 92% for lower 
complexity levels to 81% for higher complexity levels. 
According to the authors, adverse events during cholecys-
tectomy influenced the accuracy of AI in recognizing surgi-
cal phases. In videos without adverse events, accuracy aver-
aged 90%. In videos with cholecystitis, accuracy was 89%, in 
those with gallbladder perforation it was 87%, in those with 
major bile leak it was 77%. LC videos were extracted from 5 
different hospitals to evaluate any difference in AI accuracy 
in identifying surgical phases during cholecystectomy. The 
AI was trained on videos from four hospitals and evaluated 
on the fifth. Differences in precision were observed due to 
the different devices and different surgical techniques used. 
The recognition precision of the surgical phases varied from 
79 to 90.6%.

Similarly, Cheng et al. conducted a multicenter study with 
the aim of developing an AI capable of recognizing the sur-
gical phases of LC [48]. The authors used 90 videos (from 
which they extracted 156,584 frames) of LC to train the AI 
and another 60 (from which they extracted 15,395 frames) 
to evaluate it. The videos came from 4 Chinese hospitals. 
Both young and experienced surgeons performed LCs, to 
analyze the difference in surgical stages. LC was divided 
into six surgical phases: establishing access (EA); lysis of 
adhesion (AL); mobilize the hepatocystic triangle (MHT); 
dissect the gallbladder from the liver bed (DGB); clear the 
operational region (COR); extract the gallbladder (EG). The 
authors included cases of acute cholecystitis. In cases of 

acute cholecystitis, the surgical phases lasted longer. The 
authors used one AI to identify surgical phases and another 
AI to classify surgical phases from the perspective of tem-
poral sequences. The AI achieved an accuracy of 91.05%.

Limits of AI applied to LC

Most of the studies analyzed presented common limits.
Recruiting expert surgeons capable of annotating an AI 

system was the main challenge. In fact, to annotate frames 
from LC videos it is necessary to train the surgeons them-
selves in this task through specific training. The number of 
annotating surgeons for each study was often small (less than 
10). This blurred the intersection regions within the expert-
annotated heatmaps and potentially reduced the performance 
of the AI models. Furthermore, expert surgeons presented 
differences in their annotations during the AI training phase 
on the LC images proposed to them, caused by different 
personal experience.

Furthermore, in some cases, the AIs showed a varia-
tion in the accuracy of recognition of both safe and unsafe 
zones and surgical phases when given LC inputs derived 
from structures other than the one in which the AI had been 
trained. This could be caused both by the different surgical 
technique with which the different LCs are performed and by 
the different medical devices used during the LCs. Another 
explanation could be the small number of LC videos with 
which the AIs were trained (often only a hundred LPs). Fur-
thermore, the classic rectangular shape of the ROI could 
affect the visual field of the operating surgeon during LC: in 
fact, some authors have reported a flickering in the dynamic 
images of the surgical field when the ROI was applied. In 
only one study analyzed, the authors replaced the rectangu-
lar ROI with tile-shaped safe and unsafe anatomic structure 
visualization technology (YOLOv3), capable of automatic 
repositioning and scaling to form anatomic landmarks. Fur-
thermore, using this form of visualization technology, the 
authors observed a reduction in flickering of the anatomic 
structure of interest.

In addition, most studies were performed on LCs without 
complex situations such as acute and chronic cholecystitis, 
not allowing an adequate evaluation of AI in these contexts 
and in most studies, the dataset for training the AI came 
from a single center, preventing adequate generalization of 
the results.

Another limitation of the studies concerned the angle 
of the laparoscopic scope. In fact, the GoNoGoNet system 
identified the safe and unsafe areas only when Calot's tri-
angle was framed by the laparoscopic optics together with 
the gallbladder and the liver. When vision magnification 
occurred during LC, the AI model misinterpreted the actual 
safe and unsafe zones. Furthermore, the presence of fumes 
and fluid loss (such as bile in case of gallbladder perforation) 
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worsened the performance of AIs in terms of accuracy in 
recognizing safe and unsafe zones and surgical phases dur-
ing LC. In other cases, AI models had difficulty recognizing 
structures of anatomic interest covered or hidden by adipose 
or fibrous tissue. The cause of this was both the absence of a 
sufficient number of annotations during the training phase of 
the AI by the annotating surgeons and the presence of ana-
tomic boundaries which were consequently not well defined.

Another limitation common to most studies is that the 
evaluation of the technique for detecting CVS and of safety 
and danger zones during LC surgery using a heat map and 
comparing them with previous surgical images was limited 
to simulation using videos surgical, which had not reached 
operating room specifications. In only one study, the AI sys-
tem was connected to the integrated endoscopic operating 
room (EndoALPHA; Olympus Corp.).

Finally, an investigation method for the prevention of 
BDI by AI has not currently been created, probably due to 
the still small number of studies conducted in this field of 
research. To conclude, AI can suggest safer dissection areas, 
but this does not imply that operating surgeons will actually 
incorporate such advice into their mental model, behaviors, 
and actions. This is because there are important design and 
implementation barriers to bringing AI into the operating 
room that have yet to be explored, such as usability, work-
flow, interface, data pipeline, and infrastructure. Accord-
ing to some authors, the majority of surgeons believed that 
AI would be beneficial for patient care but only a minority 
believed that it could improve decisions and intraopera-
tive performance by requiring its on-demand use, with the 
possibility of deactivating it if necessary to reduce distrac-
tions due for example to ROI boxes. Although it is certainly 
advantageous to limit distractions in the surgical field, this 
functionality would probably reduce the usefulness of AI 
applied to LCs.

Future perspectives

All the studies examined agree that AI has wide possibilities 
for improvement in future but that new studies are needed 
to confirm the advantages in the fields of application of this 
review. In many studies, AI has been helpful in recognizing 
the location of CD and EHBD, which may be helpful in 
avoiding BDI. Indiocyanin green (ICG) is currently used 
for this purpose during many LCs. However, the ICG has 
some disadvantages: the rare presence of patients with aller-
gic reactions to its administration, the ICG-emission range 
wider than the real one, the limited emission time and the 
inability to show RS and S4. Unlike ICG, AI could present 
advantages: it has no impact on the patient and has no time 
limits in its intraoperative use. We can state that the simul-
taneous use of ICG and AI could potentially support the rec-
ognition of more accurate anatomic information during LC.

Another important application of these findings is in 
surgical training and performance evaluation and in the 
emerging field of automated coaching. Studies agree that the 
information detected by AI is objectively useful because it 
adds clinical meaning to the operating surgeon's assessment 
during LC. Therefore, in future, AI could be used both as a 
training model and as an intraoperative support for novice 
surgeons to recognize anatomic structures that are more dif-
ficult to interpret and thus reduce the risk of BDI and other 
complications of LCs. Indeed, several studies have evalu-
ated the ability of AI models to recognize CSV in LC. This 
ability has been evaluated in several studies. Currently, AI 
models have been created that detect CVS with high accu-
racy in real time during LC. We can state that surgical safety 
could be improved by using image classification technology 
to identify the achievement of CVS during LC.

In future, it could improve the system for detecting ana-
tomic structures of surgical interest. Currently, only in 
one study does the ROI have a shape that is not rectangu-
lar but rather dynamic tiles. A future perspective could be 
the implementation of the adoption of the ROI model with 
dynamic tiles to recognize anatomic structures that are dif-
ficult to recognize (such as when hidden by fat or fibrosis) or 
to reduce peripheral flicker of images during LC.

In only one of the studies examined, the AI system was 
integrated with the laparoscopic system of the operat-
ing room. This gave the operating surgeon the possibility 
of simultaneously observing the laparoscopic images on 
a monitor and the suggestions given by the AI on another 
monitor near the first. It is hoped that in future the number 
of AI models integrated into the laparoscopic systems of 
operating rooms can be increased, to allow the surgeon to 
simultaneously evaluate the indications of the AI and the 
laparoscopic images in real time.

Conclusions

Our review suggests that during LC, AI can be used to 
identify safe and unsafe dissection zones and other ana-
tomic structures. The possibility of contributing to the 
prevention of BDI and recognition of anatomic structures 
and surgical steps during LC was also evident, thanks to 
semantic and temporal segmentation. Furthermore, the AI 
provided important awareness to both novices and experts, 
prompting them to recognize anatomic landmarks related 
to BDI reduction. As more evidence emerges over time 
about the safety and effectiveness of using AI in the oper-
ating room, these automated computer vision tasks have 
the potential to increase performance and possibly be used 
in future for real-time decision support and other quality 
improvement initiatives.
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However, large-scale evaluation is needed and the 
development of guidelines for both the annotation and 
clinical application of AI surgical support devices is also 
important.
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