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ABSTRACT

Artificial intelligence (AI) has made significant progress in recent years, and many medical
fields are attempting to introduce Al technology into clinical practice. Currently, much
research is being conducted to evaluate that Al can be incorporated into surgical procedures
to make them safer and more efficient, subsequently to obtain better outcomes for patients.
In this paper, we review basic Al research regarding surgery and discuss the potential for
implementing AI technology in gastric cancer surgery. At present, research and development
is focused on Al technologies that assist the surgeon's understandings and judgment during
surgery, such as anatomical navigation. Al systems are also being developed to recognize in
which the surgical phase is ongoing. Such a surgical phase recognition systems is considered
for effective storage of surgical videos and education, in the future, for use in systems to
objectively evaluate the skill of surgeons. At this time, it is not considered practical to let Al
make intraoperative decisions or move forceps automatically from an ethical standpoint,
too. At present, Al research on surgery has various limitations, and it is desirable to develop
practical systems that will truly benefit clinical practice in the future.

Keywords: Artificial intelligence; Gastric cancer; Surgery; Minimally invasive surgery

INTRODUCTION

Artificial intelligence (AI) has made remarkable progress in recent years, and many medical
fields are attempting to introduce Al technology into clinical practice. Currently, much
research is being conducted to evaluate that Al can be incorporated into surgical procedures
to make them safer and more efficient, subsequently to obtain better outcomes for patients
[1-6]. Publications of promising basic research on Al technology related to surgery have
been increasing and available in recent years. Many recent surgeries are employed under
endoscopic view (e.g., thoracic, laparoscopic and robotic surgery) so-called minimally
invasive surgery (MIS) where images are easily to be digitally recorded and shared, making it
suitable for Al research to enter the field, because imaging data can be utilized as a training
dataset for machine learning [1,2]. Furthermore, robotic surgery in which movement of
surgical instruments are mechanically controlled is also considered to have potential for
future development of autonomous surgery. Surgery for gastric cancer is generally thought
to be one of the complex oncological procedures. Further, incidences of gastric cancer vary
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by region, which may be one of the reasons to trigger disparity of surgical quality in each
institution or country. Therefore, it would be significant if Al technology could make safer
and more efficient surgery universally achievable. Additionally, if the surgical quality can be
objectively assessed by some Al-supported system, which will be helpful for education or
distribution of this procedure.

However, since gastric cancer surgery is not a simple procedure as aforementioned, involving
many diverse surgical steps including lymph node dissection around the pancreas or the
major vessels as well as intricate intestinal anastomoses, there are not so many Al research
papers on gastric cancer surgery that directly provide clinical feedbacks. In this paper, we
review basic Al research regarding surgical field, including that in other areas of surgery, and
discuss the potential for implementing Al technology in gastric cancer surgery at this time.
We leave the detailed explanation of the principles of Al methodology and technology to
other specialized reports [1,2,57].

TARGETS OF Al TECHNOLOGY IMPLEMENTATION IN
SURGERY

How Al technology can be used in surgery to improve clinical outcomes for patients is a
major challenge. Surgeons perform surgery based on clinical diagnosis obtained by imaging
examination with their knowledges, experiences, ethics, sense of mission, and sometimes
with their own intuition [4]. Probably, surgical procedures of MIS are consisted of the
repeated four steps, unconsciously in most off parts: showing the operative field (exposure),
looking at it to understand the anatomy, making decisions, and moving their hand (Fig. 1).
At this time, it is not considered practical to let Al make intraoperative decisions or move
forceps automatically from an ethical standpoint, too. In addition, the stomach is not a
fixed organ like the brain or the eyeball, so it must be said that the hurdles are still high

for using Al technology to autonomously expose the surgical field, perform dissection or
anastomose intestinal tract. Therefore, at present, research and development is focused

on Al technologies that assist the surgeon's judgment during surgery, such as anatomical
navigation. Al systems are also being developed to recognize in which the surgical phase

is ongoing. Such a surgical phase recognition systems is considered for effective storage

of surgical videos and educational purposes, in the future, for use in systems to objectively
evaluate the skill of surgeons.

Autonomous Al-supported surgery Autonomous
Al-surgery? (navigation) Al-surgery?
I Show | I Recognize | I Decide ‘ ’ Move ‘

Fig. 1. Intraoperative surgeon’s process. Surgeons unconsciously repeat the following four steps; show operative
field, recognize surgical anatomy, decide dissection line, and finally move their hands.
Al = artificial intelligence.
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INSTRUMENT DETECTION

General

In an object detection task, snapshots of surgical images are used for deep learning (DL) by
computers. A typical example of the applicating object detection is Al-assisted endoscopic
diagnosis, such as polyp or early gastric cancer. In the field of surgery, several publications have
reported successful surgical instrument detection at the intraoperative images. Bamba et al.

[8] reported their research of instrument detection in laparoscopic colorectal surgery using

DL techniques. They reported that accuracy of forceps recognition in the test model video of
laparoscopic colorectal resection. Forceps were recognized with a high accuracy of more than
90% in any kind of types. Kitaguchi et al. [9] also established an instrument detection model
using DL in laparoscopic colorectal surgery. They reported the accuracy of the instrument
detection decreases when the conditions (e.g., type of surgery) are changed, which indicated the
limitation of generalizability of DL in various surgical setting. Madad Zadeh et al. [10] reported
Al recognition of organs and instruments in laparoscopic surgery in gynecology. Accuracy was
84.5%, 29.6%, and 54.5% for the uterus, ovaries, and surgical instruments, respectively.

Gastric cancer surgery

Yamazaki et al. [11] reported on the recognition of surgical instruments in laparoscopic
gastrectomy for the first time, with a precision of 0.87 and recall of 0.83. They also reported
there was a difference in the time percentage for using each surgical instruments (e.g.,
energy devices and clip forceps) in laparoscopic gastrectomy depending on whether the
surgeons had skill-qualification of Japan Society for Endoscopic Surgery (JSES) [12]. The
study suggested that the surgeon's skill could be objectively assessed by the frequency of
opportunity use.

ANATOMY RECOGNITION

General

Anatomical recognition has the potential to develop into Al-supported surgery in the future.
Anatomical recognition is directly related to navigation surgery in that it guides the surgeon
to appropriately perform surgery. It is expected to reduce human error and the burden on
the surgeon, and to have significant educational significance especially for novice surgeons.
Kitaguchi et al. [13] successfully recognized the inferior mesenteric artery in laparoscopic
sigmoid colon resection or rectal resection with a Dice coefficient of 0.798 and high accuracy.
Igaki et al. [14] developed an Al-based total mesorectal plane navigation for laparoscopic
colorectal surgery. Sato et al. [15] developed Al-model to identify the recurrent laryngeal
nerve in thoracoscopic esophagectomy with a Dice coefficient was 0.58, which was superior
to that of the general surgeons’ awareness. The recurrent laryngeal nerve preservation is

one of the most important aspects of esophageal cancer surgery, and such Al-supported
techniques have the potential to improve the quality of surgery. Park et al. [16] reported that
while assessment of colon blood flow has traditionally been performed by indocyanine green
angiography to predict ischemia-related anastomotic complications during laparoscopic
colorectal surgery, Al-based real-time analytical microperfusion has shown accurate and
consistent performance. The accuracy of intraoperative ultrasound for liver lesions is highly
operator dependent and has a steep learning curve; Barash et al. [17] designed and evaluated
an Al system for identifying focal liver lesions in intraoperative ultrasound and reported an
overall classification accuracy of 74.6%.
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Because gastric cancer surgery is a procedure performed in a complex surgical anatomy, there
are still few research reports on this subject. However, one important study has already been
reported and used for educational purposes. Kumazu et al. [18] reported an Al-supported
system to display loose connective tissue during robotic gastric cancer surgery which guides
the surgeon adequate dissection plane real-time (Figs. 2 and 3). The dissection maneuver that
maintains an adequate plane is one of the most important points in preventing complications
during gastric cancer surgery. Such a system may help to avoid intraoperative troubles and
reduce complications such as postoperative pancreatic fistula, not to mention its educational
significance for novice surgeons.

SURGERY PHASE RECOGNITION

General

There have been relatively many reports of Al-based surgical process recognition created by
DL using intraoperative snapshots (Fig. 4). Although these systems are not directly linked

to clinical outcomes at this time, these technologies could become the basis for future
Al-supported surgical developments. In recent years, many MIS procedures have been
standardized and widespread, facilitating such studies even on a multicenter scale. Shinozuka
etal. [19] developed a surgery phase recognition model of laparoscopic cholecystectomy and
reported a high accuracy rate of 97%. Cheng et al. [20] developed the similar model using
videos of laparoscopic cholecystectomy from multicenter scale, which also showed a high
accuracy rate of 91.05%. Golany et al. [21] classified into levels according to the complexity
of laparoscopic cholecystectomy, and the surgical process was classified for each level.

Fig. 2. Anatomical detection (intraoperative navigation) in robotic infrapyloric lymph node dissection. Connective tissue is highlighted blue (B, D) and pancreatic
tissue is highlighted green (D), according to Al recognition (EUREKA system; Anaut, Tokyo, Japan). (A, C) Reference images, (B, D) Al-enhanced images. All the
pictures are the authors’ own work using their own operation video.

Al = artificial intelligence.
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Fig. 3. Anatomical detection (intraoperative navigation) in robotic suprapancreatic lymph node dissection. Connective tissue is highlighted blue (B, D),
pancreatic tissue is highlighted green (B), and nerve sheath surrounding the hepatic artery is highlighted in green (D) according to Al recognition (EUREKA
system; Anaut, Tokyo, Japan). (A, C) Reference images, (B, D) Al-enhanced images. All the pictures are the authors’ own work using their own operation video.
Al = artificial intelligence.

Phase 1 Phase 2 Phase 3 Phase 4

Phase 5 Phase 6 Phase 7

3
Phase1 Port insertion, retraction of lateral segment Phase 5 LN dissection on the suprapancreatic area
Phase 2 LN dissection on the left side of greater curvature Phase 6 LN dissection on the lesser curvature
Phase 3 LN dissection on the right side of greater curvature Phase 7 Stapling of stomach
Phase 4 Stapling of duodenum Phase 8 Reconstruction

Fig. 4. Surgical phase of laparoscopic distal gastrectomy. The surgical process is classified into 8 categories, which can be recognized by artificial intelligence
through deep learning.
LN = lymph node.
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Although the accuracy of process classification is inversely related to the complexity of the
procedure, they succeeded in identifying the surgical stage 81% of the time, even for complex
laparoscopic cholecystectomies (complexity level 5). Kitaguchi et al. [22] reported a surgical
phase recognition model for laparoscopic sigmoidectomy with an accuracy rate of 91.9%.
They also developed a model from 300 laparoscopic colorectal resections from 19 centers
across Japan [23]. The previous single-center study had an accuracy of 91.9%, but an accuracy
decreased due to the diversity of surgical approaches in a multicenter setting. The accuracy of
Al classification of actions (e.g. dissection, exposure) was 83.2%, and the accuracy of surgical
instrument recognition was 51.2%. They also reported a model for transanal endoscopic total
mesorectal excision with an accuracy rate of 93.2% [24]. Sasaki et al. [25] reported a phase
recognition model for laparoscopic liver resection with an accuracy rate of 94.7%. Takeuchi
et al. [26] reported about robotic esophagectomy with an accuracy rate of 84%. They also
reported that an accuracy rate in laparoscopic inguinal hernia repair was 88.81% and 85.82%
for unilateral and bilateral, respectively [27]. In unilateral hernia cases, the duration of
peritoneal incision and hernia dissection detected by Al was significantly shorter in experts
than in residents. Ward et al. [28] reported an Al phase recognition model for transoral
endoscopic myotomy and its accuracy was 87.6%. Hashimoto et al. [29] reported about
laparoscopic sleeve gastrectomy for obesity with an accuracy rate of 82% + 4%. Furthermore,
Eckhoff et al. [30] reported that a surgical phase recognition model of laparoscopic sleeve
gastrectomy was applicable for transfer learning to the laparoscopic part of Ivor Lewis
surgery, which suggests that it may be transferable to other techniques. Finally, Fujinaga et al.
[31] reported that an Al model combined with landmark detection and process classification
in laparoscopic cholecystectomy shows potential to prevent bile duct injury.

Gastric cancer surgery

Because gastric cancer surgery involves so many steps, such studies are often hesitant.
However, Takeuchi et al. [32] developed a surgery phase recognition model for robotic
distal gastrectomy in single-center scale. Using a test validation model, they reported that
this system is useful for intraoperative prediction of surgical difficulty depending on how
much time was spent in the early phase of the process. Such a system may also be useful
when reviewing surgical videos after the surgery and may have educational significance.
Furthermore, it may be possible to use it for efficient operating room management by
monitoring surgical progress intraoperatively, since it is possible to predict how long the
surgery will take depending on the progress made in the early phases.

SURGICAL SKILL ASSESSMENT

General

Another possibility for the use of Al in relation to surgery is that of using DL data to
objectively evaluate the skills of surgeons with scoring. Several fundamental studies have
been conducted on this issue as well. First, Al models to assess endoscopic or robotic
suturing and knot-tying skills in dry-box was reported from Germany [33] and the United
States [34]. Igaki et al. [35] reported that Al confidence in recognizing the standardized
surgical field obtained during surgery at applied video of laparoscopic colorectal surgery to
surgical skill qualification exam of JSES was correlated with the score made by referees with
Spearman’s rank correlation coefficient of 0.81. Subsequently, they reported that the accuracy
of an Al model dividing the score made in JSES examination into three categories, mean -2,
mean +1, and mean +2 standard deviation was 75.0% [36]. They also focused on purse-string

https://doi.org/10.5230/jgc.2023.23.e27 405
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suture (at transanal endoscopic mesorectal excision) skill assessment and reported that Al
skill scores were significantly correlated with length of suture time and surgeon experience
[37]. In addition, a study that related surgical skill to the frequency of recognizing bleeding
in the surgical field reported that the number of blood pixels recognized by an Al model
was significantly lower in the group with higher tissue handling skill [38]. A study using dry
box training reported that it was possible to discriminate novice, intermediate, and expert
surgeons in robotic surgery with 92.5%, 95.4%, and 91.3% accuracy in suturing, needle-
passing, and knot-tying tasks, respectively [39].

Gastric cancer surgery

At this time, no studies have been conducted on Al system on evaluation of gastric cancer
surgery skills. However, as mentioned above, once a surgical stage model for gastric cancer
is developed, it is highly likely that a system for skill assessment will be studied accordingly.
Once these systems are developed and objective skill evaluation is performed, they will
contribute to the spread of safe gastric cancer surgery broadly.

LIMITATION OF THE CURRENT AI-RESEARCH RELATED
TO SURGERY

Thus, while there has been much Al-related research on surgery, there are some limitations
at this time, and we should not overestimate its usefulness. First, most studies have been
conducted using data from a single institution or a limited region, and the generality of their
Al techniques is not clear. Second, most Al studies on surgery are in the basic research stage,
and none have clearly demonstrated their usefulness in general clinical practice. Third, as for
navigation surgery using Al technology, it is not intended to achieve above-standard surgery
(like expert surgery), but rather to avoid simple human errors and to educate novice surgeons
at this point. While understanding these limitations, it is desirable to develop a practical
system that will truly benefit clinical practice without overconfidence at this point.

CONCLUSIONS

Although there are various limitations at this time, attempts to introduce Al technology into
the surgical fields will continue. At present, navigation surgery using anatomical guidance is
probably the most realistic. It would be significant if these technologies are incorporated into
the field of gastric cancer surgery in the future to reduce human error, reduce the burden on
the surgeon, and increase the benefits to the patient.
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