
Automatic Surgical Skill Assessment System Based on Concordance
of Standardized Surgical Field Development Using Artificial Intelligence
Takahiro Igaki, MD; Daichi Kitaguchi, MD; Hiroki Matsuzaki, MS; Kei Nakajima, MD; Shigehiro Kojima, MD, PhD;
Hiro Hasegawa, MD, PhD; Nobuyoshi Takeshita, MD, PhD; Yusuke Kinugasa, MD, PhD; Masaaki Ito, MD, PhD

IMPORTANCE Automatic surgical skill assessment with artificial intelligence (AI) is more
objective than manual video review–based skill assessment and can reduce human burden.
Standardization of surgical field development is an important aspect of this skill assessment.

OBJECTIVE To develop a deep learning model that can recognize the standardized surgical
fields in laparoscopic sigmoid colon resection and to evaluate the feasibility of automatic
surgical skill assessment based on the concordance of the standardized surgical field
development using the proposed deep learning model.

DESIGN, SETTING, AND PARTICIPANTS This retrospective diagnostic study used intraoperative
videos of laparoscopic colorectal surgery submitted to the Japan Society for Endoscopic
Surgery between August 2016 and November 2017. Data were analyzed from April 2020 to
September 2022.

INTERVENTIONS Videos of surgery performed by expert surgeons with Endoscopic Surgical
Skill Qualification System (ESSQS) scores higher than 75 were used to construct a deep
learning model able to recognize a standardized surgical field and output its similarity to
standardized surgical field development as an AI confidence score (AICS). Other videos were
extracted as the validation set.

MAIN OUTCOMES AND MEASURES Videos with scores less than or greater than 2 SDs from the
mean were defined as the low- and high-score groups, respectively. The correlation between
AICS and ESSQS score and the screening performance using AICS for low- and high-score
groups were analyzed.

RESULTS The sample included 650 intraoperative videos, 60 of which were used for model
construction and 60 for validation. The Spearman rank correlation coefficient between the
AICS and ESSQS score was 0.81. The receiver operating characteristic (ROC) curves for the
screening of the low- and high-score groups were plotted, and the areas under the ROC curve
for the low- and high-score group screening were 0.93 and 0.94, respectively.

CONCLUSIONS AND RELEVANCE The AICS from the developed model strongly correlated with
the ESSQS score, demonstrating the model’s feasibility for use as a method of automatic
surgical skill assessment. The findings also suggest the feasibility of the proposed model for
creating an automated screening system for surgical skills and its potential application to
other types of endoscopic procedures.
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S urgical skill is one of the most important factors directly in-
volved in patient outcomes.1,2 Several surgical skill assess-
ment studies have been conducted,3-13 among which the

classic method is the system most widely used. In the classic
method, an expert surgeon evaluates a surgical trainee’s opera-
tion based on a surgical skill assessment tool, such as the Objec-
tive Structured Assessment of Technical Skill or the Global Op-
erative Assessment of Laparoscopic Skills.3,4 The validity of these
toolsasanobjectiveassessmentofsurgicalperformancehasbeen
evaluated in a variety of environments.14,15 However, these as-
sessments require the time and resources of expert surgeons or
trained raters and rely on the judgments of individuals, in which
subjectivity is inevitable. Therefore, automating the surgical skill
assessment with artificial intelligence (AI), which is more objec-
tive and reduces human burden, has been proposed to address
these problems.

In recent years, AI, especially deep learning, has
greatly contributed to the medical field, automating human
cognitive functions, such as problem-solv ing and
decision-making.16,17 Artificial intelligence can learn the fea-
tures of objects in images and videos to make predictions for
new data to identify, detect, and classify. There have been many
reports regarding the use of deep learning not only in diag-
nostic areas, such as mammography for breast cancer and polyp
detection for endoscopy,18,19 but also in surgical areas, such
as prostate, uterine, and surgical tool detection in surgery.20,21

From this point of view, the introduction of AI is expected to
further promote skill assessment.

Standardization of the surgical field development is one
of the most important surgical skills, and it has been the tar-
get of recent skill assessment tools regarding the accuracy of
surgical field exposure and dissection.22-24 In the critical view
of safety (CVS) in cholecystectomy,25 a consensus on surgical
field development has been achieved to ensure the safety of
surgical procedures.26 A CVS in laparoscopic right hemicolec-
tomy was also proposed to secure a standardized procedure
that minimizes technical hazards and facilitates teaching.27 The
laparoscopic sigmoid colon resection (Lap-S) procedure was
divided into step-by-step phases based on a clear definition pro-
posed in previous studies by some of us.28,29 There is no clear
critical view report in Lap-S; however, based on the previ-
ously defined phase classification,28,29 each phase has a spe-
cific surgical field.

Therefore, we conducted this study to develop a deep
learning model that can recognize standardized surgical fields
for each phase in Lap-S. We also evaluated the feasibility of an
automatic surgical skill assessment based on concordance of
the standardized surgical field development using the pro-
posed deep learning model.

Methods
Data Set
The protocol for this diagnostic study was reviewed and
approved by the ethics committee of National Cancer Center
Hospital East. Informed consent was obtained from all par-
ticipants in the form of an opt-out option following the

Good Clinical Practice Guidelines of the Ministry of Health
and Welfare of Japan. The study conformed to the provi-
sions of the Declaration of Helsinki30 in 1964 (as revised in
Brazil in 2013). We followed the Standards for Reporting of
Diagnostic Accuracy (STARD) reporting guideline.

In this study, 650 intraoperative videos of Lap-S that were
submitted to the Japan Society for Endoscopic Surgery (JSES)
for the Endoscopic Surgical Skill Qualification System
(ESSQS) between August 2016 and November 2017 were col-
lected and used as training data. The JSES introduced the
ESSQS in 2004, and it has since contributed greatly to main-
taining and improving the skills of surgeons.31-33 To receive cer-
tification as a technically qualified surgeon based on the
ESSQS, candidates submit nonedited videos for examina-
tion, which are assessed by 2 judges in a double-blind man-
ner, using strict criteria for the qualification of candidates
(eTables 1 and 2 in Supplement 1). The surgeons’ technical skills
are scored from 0 to 100, with higher scores indicating greater
surgical skill. Only 20% to 30% of examinees are considered
suitable for certification, and fewer than 10% of surgeons in
Japan are ESSQS certified.34 Our data set also included the
scores assigned to each video by the ESSQS.

Recognition Model of the Standardized Surgical Field
We extracted 60 videos of Lap-S with ESSQS scores higher
than 75 points to construct a model to recognize standard-
ized surgical field development. We incorporated the ESSQS
score as an inclusion criterion because the ESSQS assesses
the quality of surgical fields; therefore, it can be assumed
that a surgeon with a high ESSQS score had used a standard-
ized surgical field. The model was constructed by learning
the surgical field development for each phase with deep
learning. Each surgical phase was defined in a previous
article28 (eTable 3 in Supplement 1). In addition, the arbi-
trariness associated with manual view selection was also
eliminated by dividing all scenes in each phase and input-
ting all of them, rather than arbitrarily selecting certain
scenes in each phase to use for training.

AI Confidence Score
When performing classification tasks, as in this study, soft-
max functions are used in the output layer. To determine to

Key Points
Question Can a deep learning model be used to recognize the
standardized surgical fields in laparoscopic sigmoid colon
resection and perform automatic surgical skill assessment?

Findings In this diagnostic study reviewing 120 intraoperative
videos of laparoscopic colorectal surgery in Japan, the artificial
intelligence confidence score from the developed model strongly
correlated with the Endoscopic Surgical Skill Qualification System
score.

Meaning These results suggest the model’s feasibility for use as a
method of automatic surgical skill assessment and the feasibility of
an automated screening system for surgical skills.
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which class a given datum belongs, its probability is output-
ted along with the class result. All the output results are in the
range of 0 to 1, and the sum of those output results is 1. The
proposed deep learning model can recognize a standardized
surgical field as a static image, analyze its similarity to a sur-
gical field development, and output a percentage reflecting that
similarity (ie, a number between 0 and 1), which we termed
the AI confidence score (AICS). In other words, images of sur-
gical field development closer to that of the highly skilled sur-
geons in the training data set would have a higher AICS; how-
ever, when the surgical field was dissimilar to the training data
set and unfamiliar with the model, the model would not rec-
ognize the surgical field with a high AICS. For example, when
the model recognizes the development of the surgical field in
phase X, if the development is clearly unique to phase X, the
model will output phase X without hesitation and with 100%
confidence. However, if the development of phase X is atypi-
cal, the model will probably be unsure whether it is phase X,
Y, or Z. For instance, if the output is phase X with 40% confi-
dence, phase Y with 30% confidence, and phase Z with 30%
confidence, the final output result will be phase X, which is
correct, albeit the confidence level is only 40%. The process
of this model is illustrated in Figure 1.

Model Optimization
Convolutional neural network (CNN)–based deep learning,
which is a type of neural network that automates the extrac-
tion of visual features to optimize the performance of a given
task, such as object identification based on an image, was used
in the current study. The task of this deep learning model was
to perform classification for surgical steps and hyperparam-

eters, which were optimized to maximize the classification ac-
curacy applied to the model. To evaluate the performance of
the model, hold-out validation was adopted, and the overall
accuracy was used as the metric. The CNN features were ex-
tracted using the Xception implemented in TensorFlow.35 The
calculations were performed in Python, version 3.6 (Python
Software Foundation).

Validation
From the data set of 650 cases, another 60 videos were ex-
tracted prior to model construction for validation. To allow for
variability in results, the data set was divided into 3 groups by
ESSQS scores, and the cases were selected from each group in
a balanced and random manner. Based on ESSQS scores (range,
0-100 points), the 650 intraoperative videos were divided into
the following 3 score groups: scores less than 2 SDs from the
mean (low-score group; 15 cases), scores within the range span-
ning the mean plus or minus the 2 SDs (middle-score group;
30 cases), and scores greater than 2 SDs from the mean (high-
score group; 15 cases). Each validation video was divided into
frame units as static images of 1 frame per second, and those
images were applied to the model. The AICS was calculated for
each static image, and the mean AICS was calculated by di-
viding the total AICS of all static images by the number of all
static images.

Mean AICS Compared With ESSQS for Each Case
The receiver operating characteristic (ROC) curve was mea-
sured to determine the discriminating power of the proposed
model. The sensitivity, specificity, and area under the ROC (AU-
ROC) were calculated to screen the low- and high-score cases.

Figure 1. Learning Process of the Deep Learning–Based Standardized Surgical Field Recognition Model
and the Artificial Intelligence Confidence Score (AICS) Calculation Process
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Statistical Analysis
Data were analyzed from April 2020 to September 2022. The
Spearman rank correlation coefficient was adopted to com-
pare the mean AICS and each ESSQS score for validation vid-
eos. All P values were 2-sided, and P < .05 was considered sta-
tistically significant. All statistical analyses were performed
using EZR (Saitama Medical Center, Jichi Medical University),36

which is a graphical user interface for R, version 2.13.0
(R Project for Statistical Computing). More precisely, it is a
modified version of R commander designed to add statistical
functions frequently used in biostatistics.

Results
ESSQS Score
The mean (SD) ESSQS score of all 650 intraoperative videos was
66.2 (8.6) points, and those of the 60 model-construction and
60 validation videos were 79.3 (3.5) points and 62.4 (13.8)
points, respectively. The mean (SD) ESSQS scores for the high-,
middle-, and low-score groups were 79.3 (4.0), 63.9 (4.4), and
42.7 (5.1) points, respectively. The ESSQS score distribution of
the 60 intraoperative videos is shown in the Table and the eFig-
ure in Supplement 1. The validation cohort was similar to all
cohort populations.

Recognition Model of Standardized
Surgical Field Development
In this study, a deep learning–based classification task for each
step in Lap-S was performed to develop a CNN model that rec-
ognizes each step of standardized surgical field develop-
ment. Thus, we used 50 of the 60 videos in the model con-
struction data set for the training algorithm, and the remaining
10 videos were used as the test data to evaluate the classifi-
cation accuracy of the developed model. The videos used in
training were not included in the test data. In the surgical step
classification task, the overall accuracy of the model was 78.2%.
The results are shown in Figure 2 as a confusion matrix.

AICS
The results of the AICS based on the recognition model of
the standardized surgical field development for each video
are shown in Figure 3. The Spearman rank correlation
coefficient between the AICS and ESSQS score was 0.81
(P < .001).

Automatic Screening for ESSQS Score Groups
The ROC curves for the screening of the low- and the high-
score groups are shown in Figure 4. The specificity and sen-
sitivity for the screening of the low-score group were 93.3%
and 82.2%, respectively, when the threshold value was 0.88,
and the intraoperative video was judged as belonging to the
low-score group. The AUROC for the screening of the low-
score group was 0.93. The specificity and sensitivity for the
screening of the high-score group were 93.3% and 86.7%, re-
spectively, when the threshold value was 0.91, and the intra-
operative video was judged as belonging to the high-score
group. The AUROC for the screening of the high-score group
was 0.94.

Discussion
In this study, we developed a deep learning model that could
recognize standardized surgical field development and showed
that the AICS output from the proposed model was strongly
correlated with ESSQS scores. Furthermore, the model could
automatically screen for the low-score group with 93.3% speci-
ficity and 82.2% sensitivity and for the high-score group with
93.3% specificity and 86.7% sensitivity. These results sug-
gest that an automatic surgical skill assessment with surgical
field recognition is feasible, and the proposed model has po-
tential for use as 1 of the skill assessment items in an auto-
matic skill assessment system.

Skillassessmentsbasedonhumanvideoreviewaretimecon-
suming and labor intensive. For example, concerning the JSES,
approximately 1000 surgeon candidates submit for ESSQS each
year, and the full surgical videos of all of them must be graded by
expert surgeons. If at least the high- and low-score groups could
be distinguished and filtered automatically with AI, the burden
on the human raters would be substantially reduced. The screen-
ing accuracy of this study was relatively high, although still in-
sufficient, and the results are promising for the feasibility of au-
tomated screening. Although AICS alone will not be sufficient for
completescreening,othercomplementaryapproachesforscreen-
ing could be incorporated to create an automatic screening sys-
tem with high accuracy and robustness.

Previous attempts at automatic surgical skill assessment
were mainly performed by tracking hand or surgical tool
motion37-43; however, motion tracking mainly evaluates instru-
ment handling or dexterity alone. Although instrument han-
dling and dexterity are important elements for automatic sur-
gical skill assessment,3,4 surgical skill assessment needs to be
evaluated from various perspectives. Recent surgical skill as-
sessment tools have focused on the evaluation of the quality of
standardizedsurgicalfielddevelopment,suchasexposuretosur-
gical fields with appropriate traction and cooperation with as-
sistants, quality of dissection layer, and demonstration of
landmarks.22-24 The most famous standardized surgical field de-
velopment is the CVS in laparoscopic cholecystectomy (LC).
Strasberg et al25 introduced the CVS in 1995 to promote the rec-
ognition of gallbladder elements that reduce the risk of bile duct
injury and to avoid mistakes due to anatomical alterations and
altered visual perception. In addition, laparoscopic right hemi-

Table. ESSQS Score Distribution for the Entire Cohort

Group
Cases,
No. ESSQS score, mean (SD)

All 650 66.2 (8.6)

Model construction 60 79.3 (3.5)

Validation 60 62.4 (13.8)

High score 15 79.3 (4.0)

Middle score 30 63.9 (4.4)

Low score 15 42.7 (5.1)

Abbreviation: ESSQS, Endoscopic Surgical Skill Qualification System.
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colectomy,theprocedureofcompletemesocolicexcision, istech-
nically demanding and carries the risk of serious complica-
tions. The critical-view concept was thus recommended to
minimize technical hazards and facilitate teaching.27 There-
fore, both dexterity for instruments and standardized surgical
field development are important items in the surgical skill as-
sessment. A comprehensive surgical skill assessment system
should be constructed by combining these and other surgical skill
assessment factors, such as efficiency and tissue handling. We
believe the model proposed in this study can play a part in this
comprehensive system.

This study focused on the AICS. In our standardized
surgical field development recognition model, this score is
just a number that represents the similarity between the
still and training images. However, by limiting the video in
the training data set to only highly skilled surgeons, we
developed a surgical field recognition model specific to
skillful and standardized surgical field development and
thus created a model with the potential to evaluate surgical
skills. Mascagni et al44 presented automatic assessment of
the CVS in LC using deep learning. Static images from LC
videos were annotated with CVS criteria and hepatocystic
anatomy segmentation. A deep neural network comprising
a segmentation model to highlight hepatocystic anatomy
and a classification model to predict CVS criteria achieve-
ment was developed. This system evaluates whether the
CVS criteria are met as achieved (score of 1) or not achieved
(score of 0). However, many other procedures cannot be
evaluated on a 0 or 1 basis because the criteria for surgical
field development are not well defined, unlike CVS in LC.
Therefore, we believe that our proposed similarity-based
concept is applicable to more types of surgical procedures.
In addition, although AICS can be automatically obtained at
the softmax layer in common deep neural network architec-
tures, to our knowledge, no previous studies have used this
value for surgical skill assessment.

In this study, we only used the ESSQS score for validation
and did not evaluate videos based on the Objective Struc-
tured Assessment of Technical Skill or the Global Operative As-
sessment of Laparoscopic Skills. The ESSQS score is scored by
2 or 3 skilled surgeons trained to eliminate subjectivity as much
as possible. There are many reports that this score is valid and
reflects patient outcomes28,29,31,32; therefore, we believe that
it is the most suitable score for validating the performance of
the developed model in this study. Furthermore, the JSES vid-
eos were collected from various institutions, which allowed
us to build an unbiased model for a variety of surgical proce-
dures, instead of procedures specific to a certain hospital, and
may make the model more generally useful across institu-
tions and procedures.

Figure 3. Correlation Between the Artificial Intelligence Confidence
Score (AICS) and Endoscopic Surgical Skill Qualification
System (ESSQS) Score
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The Spearman rank correlation coefficient was 0.81 (P < .001).

Figure 2. Confusion Matrix of Results of Surgical Field Development Recognition
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The overall accuracy of the model
was 78.2%.
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Limitations
This study has several limitations. First, it was exploratory and
not prospectively validated. In addition, due to the small sample
size, comprising only 60 cases each for the training and valida-
tion sets, the results of this study lack robustness. Further-
more, mist and dirt reduce recognition accuracy. There are many
measures to improve recognition accuracy in such difficult situ-
ations. One way to solve this problem is to add such images to
the training data set. Another method is to perform preprocess-
ing called data augmentation, which applies image processing,
such as blurring and rotation, to the training data set to im-
prove the model’s recognition performance for such images.

Second, this study does not directly lead to improved pa-
tient outcomes. This is only 1 measure of surgical skill assess-
ment. It is possible to have a perfectly standardized surgical
field development and yet inflict organ damage due to a sur-
geon’s extremely poor dissection skills. Similarly, a nonstan-
dardized surgical field development can be free of complica-
tions. This study is still in the proof-of-concept phase, and we
have not yet evaluated the relationship with clinical out-
comes, so this is an issue for the future. However, as the safety
of laparoscopic cholecystectomy has increased substantially
since surgeons became aware of the CVS, we believe that proper
surgical field development is important not only as a skill as-
sessment item but also in terms of improving safety. Third, this
system is intended to be used as a scoring-based evaluation

rather than as feedback. We did not evaluate whether a par-
ticular scene was accomplished, as in the CVS for cholecys-
tectomy; rather, we evaluated whether the surgery pro-
gressed throughout the entire procedure with an appropriate
view. Thus, the system does not indicate what kind of surgi-
cal field development is standardized, and it also cannot give
the surgeon feedback on how to improve the surgical field de-
velopment. Finally, surgical field development is just 1 of the
evaluation items, and it is not possible to completely evalu-
ate surgical skills with this item alone. In the future, it will be
necessary to develop a comprehensive system by verbalizing
and automating the evaluation of skills from various perspec-
tives, such as dissection ability, autonomy, dexterity, and ef-
ficiency, and this proposal is only 1 of the factors.

Conclusions
In this study, the AICS output from the developed model was
strongly correlated with the ESSQS score, and the results
showed the feasibility of this model for automatic surgical skill
assessment. The proposed model also suggested the feasibil-
ity of an automated screening system for surgical skills. We be-
lieve that the methods of this study can be applied to other
types of endoscopic procedures and can therefore be ex-
panded to multiple areas in the future.
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Figure 4. Receiver Operating Characteristic Curves for Low- and High-Score Groups
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A, The screening threshold for the group with scores less than the 2 SDs
(low-score group) was 0.880 (95% CI, 0.859-0.993); sensitivity, 0.933;
specificity, 0.822; and area under the receiver operating characteristic curve,
0.93. B, The screening threshold for the group with scores greater than the 2

SDs (high-score group) was 0.907 (95% CI, 0.883-0.996); specificity, 0.933;
sensitivity, 0.867; and area under the receiver operating characteristic curve,
0.94.
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