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OBJECTIVE: The goal of the current study is to systemati-
cally review the literature addressing the use of auto-
mated methods to evaluate technical skills in surgery.

BACKGROUND: The classic apprenticeship model of
surgical training includes subjective assessments of tech-
nical skill. However, automated methods to evaluate sur-
gical technical skill have been recently studied. These
automated methods are a more objective, versatile, and
analytical way to evaluate a surgical trainee’s technical
skill.

STUDY DESIGN: A literature search of the Ovid Medline,
Web of Science, and EMBASE Classic databases was per-
formed. Articles evaluating automated methods for surgi-
cal technical skill assessment were abstracted. The
quality of all included studies was assessed using the
Medical Education Research Study Quality Instrument.

RESULTS: A total of 1715 articles were identified, 76 of
which were selected for final analysis. An automated
methods pathway was defined that included kinetics
and computer vision data extraction methods. Auto-
mated methods included tool motion tracking, hand
motion tracking, eye motion tracking, and muscle con-
traction analysis. Finally, machine learning, deep learn-
ing, and performance classification were used to analyse
these methods. These methods of surgical skill assess-
ment were used in the operating room and simulated
environments. The average Medical Education Research
Study Quality Instrument score across all studies was
10.86 (maximum score of 18).
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CONCLUSIONS: Automated methods for technical skill
assessment is a growing field in surgical education. We
found quality studies evaluating these techniques across
many environments and surgeries. More research must
be done to ensure these techniques are further verified
and implemented in surgical curricula. (J Surg Ed
76:1629—-1639. © 2019 Association of Program Direc-
tors in Surgery. Published by Elsevier Inc. All rights
reserved.)
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INTRODUCTION

The classical model of surgical training involves a master-
apprentice relationship between faculty surgeons and
surgical trainees. This paradigm has the potential to
introduce subjectivity and bias into surgical skill assess-
ment. Recently, new models of medical education, such
as the Royal College of Physicians and Surgeons of Can-
ada’s (Royal College) Competence-By-Design (CBD),
have risen to popularity among surgical training pro-
grams. In these models, surgical trainees must demon-
strate competency in both in the technical and
nontechnical aspects of surgery.' Technical skills refer
to psychomotor actions or related-mental processes dur-
ing surgery obtained through practice, such as suturing
and knot tying.” Nontechnical skills encompass numer-
ous factors such as decision making, communication,
and situational awareness.” Despite the implementation
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of CBD to reduce subjectively in surgical training, vari-
ability still exists among assessors in their personal evalu-
ations of trainees’ abilities, leading to significant
discrepancies in who is deemed competent in this edu-
cational model. While the value of subjective evaluation
in surgical education is well described, particularly with
regards to assessor trainability,” human raters introduce
biases through factors such as preferences in surgical
technique as well as unblinded assessment that a com-
puter is unaffected by.4

Currently, surgical training programs aim to objec-
tively evaluate surgical trainees basic surgical skills using
tools such as the Objective Structured Assessment of
Technical Skills (OSATS) and the Ottawa Surgical Com-
petency Operating Room Evaluation (O-SCORE).” Many
studies have evaluated the validity of these tools across a
variety of environments.” ’ Despite this, these tools rely
on the observations and judgments of an individual,’
inevitably associated with subjectivity and bias. Further-
more, they require the time and resources of an expert
surgeon or trained rater. While the OSATS and O-SCORE,
among others, have been translated to different surgical
settings in the literature, these tools do not provide any
procedure-specific information on how the trainee
should strive to improve. The tools are generalizable,
without anchors that are related to a specific surgical
step.® As such, automated and analytically objective
ways to evaluate surgical technical skill are needed. In
order to objectively evaluate such technical surgical
competencies, automated methods for assessing these
skills have become increasingly prevalent in the litera-
ture. Techniques such as kinetics and computer
vision have been studied as a means of accurately
assessing technical surgical skills.® '° However, the full
breadth of these techniques has yet to be defined in
the literature.

The purpose of this systematic review is to synthe-
size the evidence examining automated methods of
technical skills assessment in surgery. Additionally, we
aim to evaluate the quality of these published methods,
and identify techniques requiring greater investigation
and development.

METHODS

Eligibility Criteria

All articles in the medical, surgical, or bioengineering lit-
erature describing automated methods for assessing
technical skills in surgery were included. For this system-
atic review, we defined “automated” as a technique

which involves reducing human intervention to a mini-
mum or negligible amount. We defined surgical

technical skills as any action by the surgeon or trainee in
the operating room or simulated operating room envi-
ronments. Finally, we defined assessment as an objective
report detailing a surgeon or trainee’s technical profi-
ciency at their task. Studies assessing nontechnical skills
in surgery were excluded from this review. Only original
research studies published in English in peer reviewed
journals were included. Randomized controlled trials,
observational, cohort, case-control, case series, and
cross-sectional studies were included. Lastly, unpub-
lished abstracts, posters, opinions, case reports, reviews,
letters to editors, and editorials were excluded from our
search. This review was completed in accordance with
the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses guidelines."’

Search Strategy

One author conducted a search in Ovid Medline, Web of
Science, and EMBASE Classic. The search included all
studies covering the period from database inception
through August 4th, 2018. The search was designed and
conducted by a medical research librarian with input
from study investigators. Medical subject headings terms
used in the search included “auto-analysis,” “pattern rec-
ognition,” “kinematics,” “computer vision,” “surgery,”
“operating room,” “surgeon,” “clinical competence,”
“time and motion studies,” “educational measurement,”
“technical skills,” “technical skills assessment,” “surgical
competency,” and “technical report” (complete search
strategy available in Supplementary Digital Content 1).
The references of published studies were searched, as
well as gray literature, to ensure that relevant articles
were not missed. The titles and abstracts of these articles
resulting from these searches were then reviewed. Any
article that fit the eligibility criteria was selected for full-
text review. Any duplicate articles were removed.

Study Selection

Two authors (ML and TM) assessed each article for inclu-
sion according to the previously described eligibility cri-
teria. Any disagreements in article selection were
discussed by both authors until consensus was reached.
Discrepancies at the full-text stage were resolved by con-
sensus between 2 reviewers and if disagreement per-
sisted, a third reviewer was consulted.

Data Collection Process

After both authors (ML and TM) agreed upon all articles
that were to be included, data were extracted systemat-
ically. Data extracted included type of automated
method assessment, type of surgery, number of centres
in the study, number of participants in the study, and
study setting (Table 1). Synthesis of extraction was
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TABLE 1. Summary of Automated Methods for Technical Skill Assessment in Surgery

Automated
Method

Data Extraction
Method

Analysis Plan

Total # of Environment
Participants

Across all Studies OR Simulation

Total # of Centers
Across all Studies

Kinetics (sensors) Tool motion tracking
Machine learning
Deep learning
Performance
classification
Hand motion tracking
Machine learning
Deep learning
Performance
classification
Eye motion fracking
Machine learning
Deep learning
Performance
classification
Muscle contraction
analysis Machine learning
Deep learning
Performance
classification
Computer vision Tool motion tracking
Machine learning
Deep learning
Performance
classification
Hand motion tracking
Machine learning
Deep learning
Performance
classification
Eye motion tracking
Machine learning
Deep learning
Performance
classification

69 1324 8 53
59 1115 8 42
15 328 14
11 152 3 4
31 635 5 26
13 263 0 11
3 69 0 3
2 66 0 2
7 91 0 5
2 78 0 2
2 78 0 2
0 0 0 0
0 0 0 0
1 11 0 1
0 0 0 0
0 0 0 0
1 11 0 1
56 317 5 11
51 240 2 9
5 33 1 3
1 24 0 1
45 183 1 5
5 78 3 2
2 19 2 0
1 6 1 0
2 53 0 2
1 20 0 1
0 0 0 0
0 0 0 0
1 20 0 1

facilitated by grouping the publications based on com-
mon methods of technical assessment. Additionally,
data regarding the Medical Education Research Study
Quality Instrument (MERSQI) was extracted by 2 inde-
pendent reviewers.'” Inconsistencies in MERSQI score
were discussed by both authors until consensus was
reached and if disagreement persisted, a third reviewer
was consulted.

Quality Assessment

The MERSQI was used to evaluate the quality of all stud-
ies that were included in the present review. The
MERSQI stratifies study quality by using 8 categories:
study design, institutions samples, response rate, type of
data, validity evidence for evaluation of instrument

scores, sophistication of data analysis, appropriateness
of data analysis, and assessment outcome (Supplemental
Digital Content 2). Studies received a summed MERSQI
score based on all 8 domains and a relative study quality
was assigned.

RESULTS

Our initial search yielded 1715 articles. After review of
titles and abstracts by 2 independent authors, 1621 stud-
ies were excluded for failing to satisfy the eligibility crite-
ria. 94 articles were selected for full review to determine
inclusion status. Subsequent full-text review lead to the
inclusion of 76 studies in the final analysis. A Preferred
Reporting Items for Systematic Reviews and Meta-
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Literature Identified Through Database Search, n = 1715

Studies Excluded After

> Screening Titles and
Abstracts, n = 1621

Articles Included for Full Text Review, n = 94

Articles Excluded in Full
Text Review, n =18
Reason for exclusion:

Articles Included in Review, n = 76

» Invalid Methodology = 11,
No Human Participants = 3,
Poster only = 3, Letter to
Editors = 1

FIGURE 1. Preferred reporting items for systematic reviews and meta-analyses (PRISMA) flowchart.

Automated Method

Data Extraction
Method
1) Kinetics
(sensors)

2) Computer
Vision

1) Tool Motion
Tracking

2) Hand Motion
Tracking
3) Eye Motion
Tracking

4) Muscle

Analysis Plan
1) Machine
Learning
2) Deep
Learning

3) Performance
Classification

Contraction Analysis

FIGURE 2. Automated methods pathway from data extraction to analysis item.

Analyses flow diagram describes our search (Fig. 1). The
included articles are displayed in Supplemental Digital
Content 3.

Methods of Technical Skill Assessment

Figure 2 summarizes the different kinds of automated
technical skill assessments extracted and synthesized
from the reviewed articles. Current methods for auto-
mated technical skills assessment in surgery include tool
motion tracking, hand motion tracking, eye motion
tracking, and muscle contraction analysis. Data extrac-
tion in studies was completed using either kinetics (sen-
sors) and/or computer vision. Then, machine learning,
deep learning, or performance classification were
employed for further analysis (Fig. 2). An expert engi-
neer in computer vision and machine learning technolo-
gies was consulted to define these categories and
exemplar papers in each category are reported.

MERSQI Score

Table 2 depicts the median and interquartile range
MERSQI score assigned to studies. The average MERSQI

score across all studies was 10.86 (maximum score of
18). Table 3 describes the specific validity evidence for
evaluation instrument scores. The majority of studies
(76.3%) scored a response of validity evidence for rela-
tionships to other variables. A total of 14.5% of studies
reported only descriptive analysis while 85.5% of studies
reported beyond descriptive analysis. A total of 100% of
studies had appropriate data analysis.

Data Extraction Method 1: Kinetics

Kinetics is commonly defined in physics as the study of
the way forces act on motion. Eight of these studies
were completed in the operating room and 53 in a simu-
lated environment. One study evaluated surgical kinetics
both in the operating room and in a simulated environ-
ment. In this review, any study evaluating forces, tor-
ques, angular velocity, or acceleration were included in
this category. For example, Chami et al.'” evaluated the
force and torques of hand and surgical tool interfaces
using sensors during knee arthroscopy. They found that
force metrics correlated with the surgical experience of
participants. Cundy et al. " used a force transducer
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TABLE 2. MERSQI Appraisal of Studies Describing Automated Methods for Technical Skill Assessment in Surgery

Data Extraction Method Automated Method Median IQR

Kinetics 11 0.5(10.5-11)
Tool motion tracking 11 0.5(10.5-11)
Hand motion tracking 11 0.5(10.5-11)
Eye motion tracking 10.5 N/A
Muscle contraction analysis 11 N/A

Computer vision 11 0.5(10.5-11)
Tool motion tracking 11 1(10-11)
Hand motion tracking 11 0.5(10.5-11)
Eye motion fracking 11 N/A

N/A = not applicable.

retrofitted to a laparoscopic box trainer simulator in
their study, and concluded that force metrics calculated
in this way could be used to differentiate different levels
of surgical skill. They found that more experienced sur-
geons tended to exert the least amount of force on the
surgical tools. They conclude that there is potential for
force-related metrics to be a valuable differentiator of
surgical skill, and that the force a surgical trainee applies
to the surgical instrument, and subsequently the
patient’s tissues, has implications for surgical safety and
quality."*

The median MERSQI score for all tool kinetics studies
was 11 points out of a possible 18. A total of 76.7% of the
validity evidence for evaluation instrument scores for
kinetics studies was relationships to other variables. A
total of 8.3% of the kinetics studies used internal structure
validity and the remaining 15% of studies used combina-
tions of content, internal structure, and relationships to
other variables validity. One Kkinetics study utilized all of
content, internal structure, and relationships to other vari-
ables validity.”’

Data Extraction Method 2: Computer Vision

Computer vision techniques aim to allow computers to
understand images or videos in real time, using pro-
grammed algorithms. These algorithms allow computers
to automate human visual tasks by extracting features
directly from the provided image data. Five of these

studies were completed in the operating room and 11 in
a simulated environment. Jain et al.'” used computer
vision to evaluate surgeons performing tracheoesopha-
geal fistula repair on a simulated model. They found that
their algorithm could provide accurate and timely qual-
ity-control feedback to surgeons during tracheoesopha-
geal fistula repair. Such findings have implications for
surgical trainee assessment and education, wherein
trainees could be immediately alerted to potential surgi-
cal adverse events and provided with live learning
opportunities. Similarly, Law et al.'® also used computer
vision analysis to evaluate surgical skill during robotic
surgery techniques by analysing 146,309 images from 12
different surgeons. They were able to train machine
learning models using features extracted from computer
vision techniques to accurately stratify surgeons based
on technical skill.

The median MERSQI score for all computer vision
studies was 11 points out of a possible 18. A total of
81.3% of the validity evidence for evaluation instrument
scores for computer vision studies was relationships to
other variables. The remaining 18.7% of computer vision
studies used combinations of content, internal structure,
and relationships to other variables validity.

Automated Method 1: Tool Motion Tracking

Common surgical tools include laparoscopic instru-
ments, robotic accessories, electrocautery, catheters,

TABLE 3. MERSQI Validity Evidence for Evaluation Instrument Scores

Validity Evidence for Evaluation Instrument Scores Number of Percentage of
Response Options Studies Total Studies (%)
Content 1 1.3
Internal structure 7 9.2
Relationships to other variables 58 76.3
Internal structure and content 1 1.3
Content and relationships to other variables 4 53
Internal structure and relationships to other variables 4 5.3
Internal structure, content, and relationships to other variables 1 1.3
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needles, needle drivers, and scissors. In this review, any
study quantifying the kinematics of these various surgi-
cal tools in terms of motion, velocity, or path of travel
was included in this category. Eight studies found using
tool motion tracking were completed in the operating
room and 42 in a simulated environment. For example,
Estrada et al.'” utilized electromagnetic sensors to track
the kinematic movement of a catheter tip during simu-
lated endovascular surgery. Their findings demonstrated
that tool motion tracking effectively differentiated sur-
geons in terms of skill level and correlated strongly to
structured grading assessment of surgical skill. Similarly,
Hofstad et al.'® analyzed tool motion in a simulated envi-
ronment, evaluating a set of 9 motion-related metrics for
the tips of laparoscopic instruments. Once again, these
factors effectively distinguished expert from novice per-
formers.

The median MERSQI score for all tool motion tracking
studies was 11 points out of a possible 18. A total of
74.1% of the validity evidence for evaluation instrument
scores for tool motion tracking studies was relationships
to other variables. A total of 10.3% of the tool motion
tracking studies used internal structure validity and the
remaining 15.6% of tool motion tracking studies used
combinations of content, internal structure, and relation-
ships to other variables validity. One tool motion track-
ing study utilized all of content, internal structure, and
relationships to other variables validity.””

Automated Method 2: Hand Motion Tracking

Hand motion information can be gathered by tracing the
movement of the hands in time and space during the
performance of a surgical task. All studies using hand
motion tracking were completed in a simulated environ-
ment. Tasks analyzed included suturing, knot tying, cut-
ting, and drilling. In a study conducted by Zirkle et al."”,
hand motion tracking using computer vision as a data
extraction method was utilized to quantify distance cov-
ered, time, speed, and total number of movements dur-
ing a simulated cortical mastoidectomy. They found that
analyses of hand motions were an accurate reflection of
surgeon experience in the drilling task required for this
operation. More recently, a study by Watson’ utilized a
6-degree of freedom analysis of hand motion with kinet-
ics as a data extraction method during a simulated
venous anastomosis task. The results demonstrated that
increased amounts of surgical experience correlated
with more complex hand motions. This may be indica-
tive of a higher order surgical flow that novice surgeons
could analyze and learn from.

The median MERSQI score for all hand motion tracking
studies was 11 points out of a possible 18. A total of
83.3% of the validity evidence for evaluation instrument

scores for hand motion tracking studies was relationships
to other variables. The remaining 16.7% of hand motion
tracking studies used combinations of content, internal
structure, and relationships to other variables validity.

Automated Method 3: Eye Motion Tracking

Eye motion tracking systems use sensors to monitor and
track the movements of surgeons’ eyes. Two studies
were found in our review using eye motion tracking to
assess technical skills of surgeons in simulated environ-
ments.®?" Ahmidi et al.”’ measured the eye-gaze posi-
tion of surgeons during simulated endoscopic sinus
surgery tasks. Snaineh et al.” recorded eye features dur-
ing laparoscopic skills simulations. Both Snaineh et al.”
and Ahmidid et al.*' found eye motion tracking effective
and accurate at assessing surgeon skill levels with up to
94.6% accuracy.

The median MERSQI score for all eye motion tracking
studies was 10.5 points out of a possible 18. Both eye
motion tracking studies used relationship to other varia-
bles to for validity evidence for evaluation instrument
scores.

Automated Method 4: Muscle Contraction
Analysis

Muscle contraction analysis can be used to assess ergo-
nomics during completion of a surgical task. It is a novel
idea that evaluates instrument handling and posture in
an attempt to reduce fatigue, and subsequent error dur-
ing surgery.”” This systematic review identified a single
study that used infrared markers for sensing body move-
ment to analyze muscle contraction.”” They calculated
how muscles are used and their mean work during the
performance of surgical tasks using a virtual laparo-
scopic simulator. They found that their muscle contrac-
tion analysis results clearly differed between surgeons
and medical students.

The MERSQI score for this study was 11 points out of
a possible 18. The single muscle contraction analysis
study used relationship to other variables to for validity
evidence for evaluation instrument scores.

Analysis Plan 1: Machine Learning

Machine learning is the use of mathematical representa-
tions for the modelling of a process. A typical machine
learning process can be broken down as follows: prob-
lem definition, choosing a model type that is best suited
to solve that problem, collecting data for training the
model, converting the data into a formal tool that can
be used to train the model, training the model, and
finally tweaking the model. For example, in the case of
automated methods for surgical skills assessment,
machine learning algorithms would be trained to
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effectively analyze these methods. In our review,
machine learning analysis was found in both kinetic
and computer vision studies. In total, 3 machine learn-
ing studies were completed in the operating room and
22 studies in simulated environments. For example,
Forestier

et al.”> implemented machine learning as an analysis
plan to discover and rank discriminative and interpret-
able patterns of surgical sill via the recording of surgical
motions. Specifically, these used a publicly available
dataset to classify gestures of 10 surgeons in the Oper-
ating room (OR). In another study, Oquendo et al.>t
used a validated and novel machine learning algorithm
to evaluate the performance of 32 surgical residents
during a pediatric laparoscopic suturing task.

Analysis Plan 2: Deep Learning

Deep learning is defined as a specialized subset of
machine learning whereby there are more restrictions
places on the aforementioned process of machine learn-
ing. Specifically, the model type that is chosen to best
solve the problem defined is usually deep convolutional
networks. This type of learning results in more sophisti-
cated evaluation of surgical technical skill assessment
than machine learning. Hence, it may add to the learning
experience associated with the automated method of
surgical skill assessment. Our review found that 4 deep
learning studies were completed in the operating room
and 7 studies in simulated environments. For example,
Dosis et al.”” used data from 5 surgeons performing lapa-
roscopic cholecystectomies to further train their dexter-
ity based motion device.

Analysis Plan 3: Performance Classification

Performance classification is completed using either a
machine learning classifier or a deep learning classifier.
For example, the trained models accept input in a cer-
tain format, run it through the model and produce an
integer value that corresponds to one of the perfor-
mance outcomes from subjective evaluation. Most per-
formance studies use N to represent the number of
performance outcome categories. For example, N=5 if
classification is done to associate an OSATS score to the
performance of a surgeon, or N=3 if surgeon perfor-
mance is simply broken down into unacceptable,
acceptable, or excellent, or N=2 if surgeon perfor-
mance is classified as novice or expert. Chellali et al.”®
used performance classification to analyze surgical skill
on a Virtual Basic Laparasopic Skill Trainer to differenti-
ate between expert (Postgraduate Year 5, fellow and
attending surgeons) and novice (Postgraduate Year 1-4).
This is an example of a study using performance classifi-
cation categories of N =2. Alternatively, Shafiei et al.”’

used kinetic data extraction techniques during a simu-
lated Da Vinci robot task to differentiate motor skill per-
formance between expert, intermediate and novice
surgeons. This is an example of a study using perfor-
mance classification categories of N = 3.

DISCUSSION

Technical surgical skills among surgical trainees are com-
monly evaluated by senior or more experienced sur-
geons. Such evaluation techniques are often subjective
and often not detailed enough for an all-encompassing
assessment. The use of CBD models is increasing in sur-
gical residency programs internationally. As such, the
creation and validation of automated and objective meth-
ods of surgical technical skill assessment is a growing
and exciting area of research. In this systematic review,
existing automated methods that exist in evaluating
technical skills in surgery are outlined.

This review highlights the heterogeneity that exists in
automated methods of technical skill evaluation in sur-
gery. Despite the diversity in the literature, we identified
an automated methods pathway including kinetics and
computer vision data extraction methods. Automated
methods included tool motion tracking, hand motion
tracking, eye motion tracking, and muscle contraction
analysis. Finally, machine learning, deep learning, and
performance classification were used to analyze these
methods. Tool motion tracking was the most frequently
employed methods, while hand motion tracking and
muscle contraction analysis were only utilized in a single
study each. The most common procedural approaches
studied were laparoscopic and robotic minimally inva-
sive surgery. Furthermore, most studies were completed
in a simulated environment rather than in the OR. We
posit these trends exist due to ease of methodology as
well as concerns for patient safety. For example, it also
may be less distracting for a surgeon if there is a motion/
force probe on their laparoscopic instrument in compar-
ison to the same probe on their hand.

The MERSQI score was used to assess the overall qual-
ity of each study in this systematic review. The average
MERSQI score across all 76 studies included in this sys-
tematic review is 10.86. Using a benchmark of 14/18 to
determine “high quality” literature, this implies that
from an educational perspective, these articles do not
meet this standard.”® It is not coincidental that the aver-
age MERSQI scores across studies involving tool kinetics,
computer vision, motion tracking, and muscle contrac-
tion was 11/18. Most studies included in this review
were nonrandomized, 2 group studies at a single institu-
tion. The majority of studies used objective data and ana-
lyzed in a descriptive manner. Hence, despite variation
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in automated method across the different studies, the
methods used to in the studies were quite homogenous.
All studies used appropriate data analysis and the major-
ity used sophisticated data analysis reported more than
just descriptive results. After in-depth analysis of the spe-
cific validity of the studies included, the majority
reported relationships to other variables by creating
expert-novice technical skill comparisons using their
automated method. Further breakdown of the validity
scores by data extraction method revealed similar trends
across kinetics and computer vision, with the majority
of studies from both methods using relationships to
other variables validity. When validity scores were ana-
lysed by automated method, similar trends ensued
across eye motion tracking, tool motion tracking, hand
motion tracking, and muscle contraction, with relation-
ships to other variables being the primary source of
validity. One exemplar study incorporated all of content,
internal structure, and relationships to other variables
validity.”” They used kinetics, tool motion tracking, and
machine learning algorithms to automatically evaluate
robotic surgical trainees and surgeons on their perfor-
mance of a peg transfer skill on a da Vinci Standard
robot. The tool that they used to extract kinetic data
from the surgeon’s tools’ motions was created. Content
structure was achieved in this study as all the authors
are mechanical engineering experts and developed their
own hardware and software specifically for their study.
Internal structure was implemented by inter-rater reli-
ability by having 3 different expert rater surgeons evalu-
ating all participants using GEARS. The study mentions
the implementation of a calibration process and intra-
class correlation coefficients to ensure strong inter-rater
reliability. The authors demonstrated that contact forces
and robot arm accelerations can automatically rate sur-
geon skill at a level that is good to excellent in compari-
son with human raters using GEARS. The minority of
studies included in this review implemented content
validity or internal structure, limiting the overall validity
of these studies. The majority of studies regardless of
extraction method or automated method used relation-
ship to other variables validity, stressing the dearth of
validity among studies in this review. Furthermore, this
emphasizes the lack of superiority of one extraction
method or automated method, from a validity perspec-
tive. It is important to identify this limitation among the
majority of the automated method of technical skill
assessment literature and encourage future studies to
strive to incorporate all of content, internal structure,
and relationships to other variables validity.

Bias exists in human rating of surgical technical
skills.””*” The current models used in surgical technical
skills assessment include subjective rating tools such as
the OSATS and GEARS.®”?' Despite studies validating

these tools across a variety of surgical training environ-
ments, they rely on input from individuals, inevitably
skewing the results according to the rater’s personal
bias.””*' The implementation of automated technical
skills assessments in surgical scenarios has the potential
to mitigate such biases and has implications for more
equitable assessment of surgical trainees across institu-
tions, provinces, and countries. Areas in surgical training
programs, where these fair assessment measures would
be beneficial, include CBD observations and Royal Col-
lege credentialing examinations. Currently the Royal
College and American Board of Surgery’s surgical licens-
ing exams do not include intraoperative technical skills
assessments. The Royal Australasian College of Surgeons
lists technical expertise as a core competency of surgical
training despite not assessing intraoperative technical
skill on licensing exams. Whereas, the Royal College of
Surgeons’ Intercollegiate Surgical Curriculum Program
in the United Kingdom is designed for assessing the
incremental development of technical and operative
skills. As these assessments are a significant component
of their training curricula, automating such assessments
would benefit their program through increased objectiv-
ity, efficiency, and uniformity. We envision that sections
of surgical specialty licensing exams be added wherein
surgical trainees across countries such as Canada, the
United States of America, Australia, and the United King-
dom uniformly complete specialty-specific surgical tech-
nical skills tasks intraoperatively. These tasks would be
assessed automatically via one of the aforementioned
technical skill assessment techniques. Resultantly, gradu-
ating surgical trainees would not only be able to demon-
strate clinical and surgical problem-solving abilities, but
also technical skills when obtaining licensure. In order
for such large scale changes to be implemented, future
collaboration between experts in the field of automated
methods of surgical skill assessment and medical educa-
tion is required.

There are certain limitations associated with the pres-
ent review. Firstly, most of the studies were completed
in simulated environments. While parts of surgical train-
ing do occur in simulation labs, traditionally the majority
of training occurs in the OR. As such, we cannot be cer-
tain that the methods used to automatically assess tech-
nical surgical skill in the simulated environments would
translate directly to the OR environment. For example,
issues such as physical space in the OR for the required
equipment for automated assessment, this equipment’s
sterility, and the comfort of the surgeon using this equip-
ment could all prevent the seamless transition of these
techniques from simulation to the OR. Secondly, the
included studies lack comparison between two or
more kinds of automated technical skill assessment
using the same outcome metrics. Although some studies
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included 2 different automated methods of assessment,
they were not directly comparing the two. For example,
kinetic data extraction methods were used to evaluate
both tool motion tracking and hand motion tracking as
insight items.””*® As some studies combined rather than
compared automated methods, we were similarly unable
to do comparative analyses of the different types of
methods used in the studies. Hence, we cannot make
inferences or recommendations regarding whether one
automated method for surgical skill assessment is supe-
rior to others. Thirdly, while we have mentioned that
nonautomated methods of technical skill assessment can
be resource intensive, it is also important to recognize
the unique resources required for automating methods
of technical skill assessment such as computing power
and analytic expertise. It is important to recognize that
currently, automated methods and machine learning
algorithms inherently require aspects of human input
for creation. Such resources were not commented on in
this review. Finally, a limitation of this whole body of lit-
erature is a lack of consensus on terminology between
studies. For example, studies used terminology of kinet-
ics and kinematics interchangeably, while other studies
used the terms computer vision and tool motion analysis
to describe similar techniques.

There are a multitude of directions in which this field
can continue expanding. Addressing the limitations out-
lined above, future work should undertake the evalua-
tion of these automated techniques in the clinical
environment to ensure their generalizability, and to
assess their relationship with patient outcomes and sur-
gical safety. Future studies must also compare the effi-
cacy of different automated methods within the same
study. For example, whether certain variables such as
tool motion tracking, hand motion tracking, or muscle
contraction analysis are more effective than others at
information behavioral change. Moreover, uniform
approaches to evaluating the efficacy of these methods
should be identified, as this would allow for educators to
more easily understand the relative utility of automated
assessments in their respective learning environments.
Additionally, consensus must be reached among experts
in the field regarding the terminology for the techniques
that are being used in these studies. This would further
allow comparisons to be made among the various auto-
mated assessment techniques. A reason for this lack of
language agreement may be that some of these studies
were not completed under the guidance of engineers or
experts in the automated technology space. While
Satava et al.”* defined terms for objective surgical assess-
ment, we urge that collaboration between surgical and
technical experts ensue in future automated methods
studies, to ensure updated and accurate terminology
usage. Lastly, studies in this systematic review rarely

provided information on how to apply the data from
automated methods of technical skill assessment to
trainee learning objectives. According to our MERSQI
calculations, the majority of the included studies failed
to report trainee behavior as an outcome of their study.
While we have demonstrated the utility of automated
methods of technical skills assessment in surgery, more
research to translate these such data into these learner-
related contexts must be completed.

CONCLUSIONS

In conclusion, in this systematic review we identified an
automated methods pathway with kinetics and com-
puter vision data extraction methods, automated meth-
ods included tool motion tracking, hand motion
tracking, eye motion tracking, and muscle contraction
analysis, which were analyzed using machine learning,
deep learning and performance classification. Character-
istics of the studies were described and categorized, and
their educational quality was calculated using the
MERSQI. While tool motion tracking was most com-
monly investigated in the minimally invasive surgery and
simulation environments, there is certainly room for
expansion of this exciting and innovative area of
research. Implications of this work include the potential
to drastically alter the way surgical trainees learn and are
assessed. In the era of CBD medical education, we
believe that automated methods represent the next step
toward objective analysis of surgical trainees. Applica-
tions of these tools range from low-stakes assessments
for trainee learning, to summative assessment at the sur-
gical licensing examination level and beyond.
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