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Abstract
Artificial intelligence (AI) andmachine learning (ML) have the potential to improvemultiple facets ofmedical practice, including
diagnosis of disease, surgical training, clinical outcomes, and access to healthcare. There have been various applications of this
technology to surgical fields. AI and ML have been used to evaluate a surgeon’s technical skill. These technologies can detect
instrument motion, recognize patterns in video recordings, and track the physical motion, eye movements, and cognitive function
of the surgeon. These modalities also aid in the advancement of robotic surgical training. The da Vinci Standard Surgical System
developed a recording and playback system to help trainees receive tactical feedback to acquire more precision when operating.
ML has shown promise in recognizing and classifying complex patterns on diagnostic images and within pathologic tissue
analysis. This allows for more accurate and efficient diagnosis and treatment. Artificial neural networks are able to analyze sets of
symptoms in conjunction with labs, imaging, and exam findings to determine the likelihood of a diagnosis or outcome.
Telemedicine is another use of ML and AI that uses technology such as voice recognition to deliver health care remotely.
Limitations include the need for large data sets to program computers to create the algorithms. There is also the potential for
misclassification of data points that do not follow the typical patterns learned by the machine. Asmore applications of AI andML
are developed for the surgical field, further studies are needed to determine feasibility, efficacy, and cost.
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Introduction to Machine Learning
and Artificial Intelligence

The use of artificial intelligence (AI) and machine learning
(ML) is rapidly developing within the medical field.
Artificial intelligence is the use of software to reproduce or
mimic human behavior. Machine learning is an AI technique
which utilizes a computer to analyze datasets and learn pat-
terns that can be applied to make conclusions when examining
a new data point. One subset of machine learning is deep
learning, which uses processing layers to learn multiple levels
of abstract patterns and algorithms of data. Deep learning has
played a major role in technological advances such as speech
recognition and object detection [1]. One of the most popular

models of machine learning is artificial neural networks
(ANNs). ANNs use inputs and training sets of data to predict
outcomes by identifying patterns within the training data [2].
ANNs allow for factors and their respective outcomes to be
entered into a computer or machine that will analyze the data
and determine which factors are necessary to predict certain
outcomes. This allows the system to develop a network of
neurons without a human inputting a hypothesis and testing
said hypothesis. The patterns will emerge naturally, and the
output of the analysis can be used to predict future outcomes.

The objective of this literature review is to explore how
artificial intelligence is being used for evaluating and improv-
ing surgical skills, diagnosing various surgical pathologies
using imaging and tissue specimens, and how surgeons can
utilize these technologies in the realm of telemedicine to im-
prove access to care and resources.

Method

A literature review was conducted using search parameters
and keywords such as artificial intelligence, machine learning,
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deep learning, surgical fields, and surgery. Databases used
include PubMed and Cochrane Library.

Evaluation of a Surgeon’s Technical Skill

One emerging use of these technologies is assessment of sur-
gical technical skill. Many surgeons are evaluated on out-
comes such as complication rates, mortality rates, length of
stay, estimated blood loss, patient’s length of recovery, and
recurrence rates. However, objectively evaluating the techni-
cal competence of a surgeon can be difficult. Generally, this is
assessed by having research participants review a video of the
operation and complete a survey [3, 4]. This can be a time-
consuming process requiring the reviewer to watch the video,
focus on certain procedural steps, and take note of the tech-
nique, movements, and errors that occur. Due to the presence
of human error of the observer, this may not be the most
reliable method of evaluation. For example, there may be
minor motions that go undetected by the human reviewer.
Variation between reviewers as well as the subjective nature
of the rating experience also limits the review of surgical
videos.

Both artificial intelligence and machine learning are being
used to assess technical skill in surgery. Computer Vision is a
form of machine learning that uses computers to identify objects
and patterns in video. A recent study used AI algorithms to
identify operative steps in laparoscopic sleeve gastrectomy and
found that quantitative data can be obtained from surgical videos
with 85.6% accuracy using artificial intelligence [5]. Artificial
intelligence is being used to objectively assess surgical skill in
a variety of ways. These include the use of electromagnetic sen-
sors attached to instruments, hand-mounted eye trackers, force
and torque sensors attached to surgical instruments, and direct
capture from the robot [6]. Robotic instrument vibrations can be
measured to determine how forcefully the instruments are han-
dled. This new technology can objectively collect data such as
the number of times an instrument comes into contact with cer-
tain structures. Eye trackers can determine the surgeon’s object of
focus, which can give information as to the procedural step, what
may have been overlooked, and what the subconscious thought
process of the surgeon may be. This data can be used to assess a
surgeon’s skill or experience. For example, experienced surgeons
have lower vibration magnitudes and forces, as well as shorter
completion times for surgical tasks compared to trainees [7].
Collecting this data and using machine learning algorithms to
analyze it provides insight into a surgeon’s strengths and weak-
ness. It can help identify which skills and maneuvers are impor-
tant for good patient outcomes and efficient procedure length.

A 2015 study assessed the cognitive engagement, mental
workload, and mental state between novice and expert sur-
geons during robotic surgery [8]. Surgeons were divided into
three groups including beginner, combined competent and

proficient, and expert groups based on the Dreyfus model.
The surgeons performed basic skills such as ring peg transfer
and ball placement, intermediate skills such as suturing and
knot tying, and advanced skills such as urethra-vesical anas-
tomosis. The subjects were analyzed using tool-based metrics
as well as cognitive-based metrics. Tool-based metrics that
were assessed included time to completion, times the camera
moved and/or was clutched, as well as errors such as instru-
ment collision and number of times the ball was dropped.
Cognitive metrics such as cognitive engagement, mental
workload, and mental state were assessed using electroen-
cephalography to monitor brain activity. Significant differ-
ences were found between the beginners and experts when
performing basic and intermediate skills, as well as number
of instrument collisions. Competent, proficient surgeons and
expert surgeons differed in terms of cognitive metrics, but not
tool-based metrics [8]. Cognitive measures can be utilized as
another method to evaluate surgical skills with the help of
machine learning to analyze the large datasets.

Surgical technical skill can be evaluated by technologies
that are already built into surgical equipment such as the da
Vinci Systems recording device. This system can accumulate
automated performance metrics (APMs) such as instrument
and camera motion. This data can be analyzed using machine
learning algorithms to recognize movement patterns that can
be used to objectively measure surgical skill and perhaps even
predict outcomes [9]. One outcome that is often used to assess
surgical skill is the length of the total procedure being per-
formed. Using recordings of laparoscopic or robotic surgeries,
machine learning can be implemented to analyze the time is
takes to perform critical tasks during the surgery, not simply
the overall procedure time. Pauses during the surgery that are
considered flow disturbances can be evaluated. Each step of
the surgical procedure can be analyzed, and the time it takes to
complete various phases of the operation can be compared.
Using these algorithms, experienced surgeons can be differ-
entiated from beginners within the first 10 seconds of starting
a task with 90% accuracy [10]. Surgical technology such as
robotic systems provide valuable data that can be utilized by
machine learning algorithms to objectively evaluate a sur-
geon’s technical skill. These algorithms can also detect pat-
terns that lead to better outcomes, which may help in training
future surgeons.

Robotic Surgical Training

Surgical training, especially in robotic surgery, is not well-
standardized and leads to disparities across training programs
[11]. Standardization of robotic surgical training would better
assess skill and provide the learner with feedback. One exam-
ple is the fact that the number and rates of flow disruptions are
higher for trainees, which adds to the total length of a case
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[12]. Flow disruptions during surgeries, such as issues with
team work or external distractions in the OR, are associated
with a higher rate of surgical errors [13]. Better preparation for
surgical cases can limit the flow disruptions. Machine learning
algorithms can be used to assess a trainee’s success in com-
pleting these tasks prior to the OR and provide them with
objective feedback to improve. The da Vinci training simula-
tions can further the skills and preparedness of trainees. In the
future, robotic surgery curricula may include the option for
trainees to record their sessions and collect data on movements.
ML algorithms can assess the parts of the procedure that need to
be improved on in order to successfully and efficiently perform
the procedure. A curriculum should include a way for the learner
to demonstrate competence in performing robotic skills and sur-
gical tasks prior to independent practice [14]. Trainees can reach
benchmarks and move onto more difficult tasks when the basic
skill is completed with minimal error.

Many of the current robotic surgery technologies lack the
ability to provide haptic feedback during a case [15]. Haptic
feedback, such as the amount of force being applied, and
sensory feedback are both important to learning. The da
Vinci Standard Surgical System developed a recording and
playback system, which is a platform that can be utilized to
better train surgeons [16]. A learner can watch recorded sur-
gical procedures and feel recorded movements of the controls
and variable speeds. Using this branch of artificial intelli-
gence, novices can have tactile feedback of the correct mo-
tions to perform during procedures or various surgical tasks.
Therefore, if a learner is struggling with a specific task or
motion, feeling the correct movements may help the trainee
learn the technique more quickly. Although further develop-
ments in technology are needed in order to provide real-time
feedback during operations, the recording and playback sys-
tem is a step in the right direction in helping develop muscle
memory for trainees.

Use in Diagnosis and Workup

Artificial intelligence is beginning to play a major role in the
use of imaging for diagnosis in various medical fields.
Machine learning can recognize complex patterns on various
radiologic modalities such as CT, MRI, and PET images to
support a radiologist’s judgment and clinical decision making
[17]. Machine learning can be used to create algorithms to
detect normal versus pathologic tissue on imaging by using
medical image segmentation. It also aids in orienting different
imaging modalities such as an ultrasound, MRI, and CT of the
kidney into a common framework so the information from
these different studies can be paralleled or combined.
Imaging is an important diagnostic step in multiple surgical
specialties. The use of AI in combination with radiologists

could aid surgeons in developing a more accurate surgical
plan before the patient is on the operating table.

A rapidly developing use for artificial intelligence is in the
detection of cancer. Artificial intelligence can help radiolo-
gists make interpretations about the likelihood that a certain
lesion is cancerous based on past patterns and diagnoses. AI
can be used to help delineate the volume of cancers, monitor
growth over time, and predict the biologic course and clinical
outcome based on the radiologic phenotype [18]. This infor-
mation can guide next steps and give the patient and the phy-
sician more information to develop a treatment plan. A sur-
geon could use this information when deciding which malig-
nancies are operable. For example, if algorithms can deter-
mine likelihood that malignancy is present when analyzing
an MRI of the prostate with a patient with borderline PSA, a
more informed decision can be made to proceed with biopsy
or continue active surveillance.

Artificial neural networks have been used to create algo-
rithms for diagnosis and management of medical conditions.
Various structures of ANNs have been shown to be superior in
diagnosing appendicitis compared to clinical scoring systems
that have previously been used [19]. For example, input var-
iables such as pain location, rebound tenderness, bowel
sounds, nausea, WBC count, and tenderness of the RLQ can
be used, and the likelihood of acute appendicitis then gener-
ated [19]. Surgeons can use ANNs to help guide their diagno-
sis. ANNs have been proven to increase radiologists’ accuracy
in differentiating between malignant and benign pulmonary
nodules on CT [20]. In this study, ANNs were used to distin-
guished if a nodule was benign or malignant based on seven
clinical parameters and sixteen radiologic findings, and they
were presented with the data both with and without the ANN
assistance [20]. ANNs can give practitioners additional infor-
mation to guide their decision making and recommendations.

Pathology is another field that has benefitted from the ad-
vances in machine learning and artificial intelligence. When
biopsies are taken by a surgeon, there is often a small focus of
malignancy within a large amount of benign tissue. Looking
for a malignancy in this situation is a time-consuming process
for pathologists, and a small focus of malignancy may be
overlooked. Deep learning could improve the objectivity of
making the diagnosis by allowing pathologists to focus on
certain portions of the tissue that have a higher probably of
malignancy. If more efficient and accurate recommendations
can be made by pathologists, surgeons can more rapidly make
a diagnosis and treatment plan. In fact, deep learning has been
shown to improve the accuracy of diagnosing prostate cancer
and detecting lymph node metastasis in patients with breast
cancer [21]. This allows surgeons to make a more accurate
plan when deciding whether to allow a patient to undergo
active surveillance versus an operation or whether to extend
a lymph node dissection during an operation. Multiple histo-
logic slides that had been previously read by pathologists were
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used as the input for a deep learning network. ANNs are then
developed from the input and can be used to analyze subse-
quent biopsies.

Telemedicine

Another direction of machine learning and artificial intelli-
gence within the medical field is telemedicine. Telemedicine
uses technology to deliver care from afar. Physicians can re-
motely track patients’ progress or connect patients with re-
sources. This may help in rural areas with less access to
healthcare and could potentially lower the overall costs of
healthcare. Telemedicine has been studied for use in patient
education, monitoring of chronic conditions, screening for
disease, assessment of clinical presentations, and treatment
[22]. Telemedicine can also be used for understaffed,
underfunded hospitals, which lack access to certain healthcare
providers. Theoretically, one physician at a medical hub could
monitor several patients in different locations and work with
the team present with a particular patient to provide care [23].

Voice recognition technology is being used to help patients
input their daily weights, symptoms, blood pressures, diet, exer-
cise, and medication adherence into the telemedicine system so
the healthcare team can follow patientsmore closely. Information
Communication technology based telehealth programs with
voice recognition are shown to improve sodium intake and qual-
ity of life in chronic heart failure patients who utilized the pro-
gram appropriately [24]. Additionally, telemedicine has been
found to be as effective as face-to-face interactions or telephone
calls for managing heart failure [22]. Despite this, the cost of
telemedicine is still controversial and depends on the type of care
being provided [23]. The effectiveness of telemedicine in reduc-
ing mortality is still debated.

Limitations and Future Directions

Currently, machine learning and artificial intelligence can as-
sist in training basic surgical skills. Further algorithms with
increasing complexity need to be developed to train surgeons
to complete more complicated procedures. Educators will still
be necessary to teach trainees certain techniques and the indi-
cations for these procedures. Additionally when evaluating
skills, the parameters by which skill is evaluated should be
agreed upon. For instance, the amount of time it takes to com-
plete a surgical task may not always correlate to the task being
performed correctly. This is one piece of data to consider in
addition to factors such as the degree of difficulty of the pro-
cedure, intraoperative complications, and clinical outcome.

One major limitation of machine learning is that creating
the algorithms relies on a set of input data. The larger the
input, the better the pattern recognition and application of

the learning. For less common disease processes that do not
follow a distinct pattern, machine learning may be difficult to
utilize. Additionally, if the case that is being analyzed by the
algorithm is an exception to the usual presentation, a diagnosis
could be missed. This highlights the importance of using data
obtained from machine learning only as another piece of in-
formation to aid in making a diagnosis. Clinical judgment is
still necessary to make a diagnosis and create a treatment plan.

In regard to telemedicine, further analysis of cost and mor-
tality benefit need to be studied to determine the value of its
use. Individual hospitals need to weigh the costs and benefits
of using systems such as ICU telemedicine. Physicians and
hospital systems would also have to decide how beneficial the
use of telemedicine would be for their patient population and
scope of practice. Using telemedicine to track patient’s prog-
ress or compliance may come with a learning curve for the
health care staff as well as the patient. Patients and physicians
would both need to be willing to learn and use the system.

In summary, machine learning and artificial intelligence are
quickly being incorporated into multiple aspects of medicine
related to surgical fields. This technology can benefit surgeons
when evaluating surgical skills as well as teaching trainees the
best methods while operating, especially during robotic pro-
cedures. Machine learning can also be implemented to im-
prove diagnosis of certain conditions and cancers both radio-
graphically and from a pathology standpoint. Combining arti-
ficial intelligence with the clinical judgment of a physician can
lead to better outcomes and more efficient shared decision-
making. Telemedicine is another aspect of artificial intelli-
gence that is aiding in delivering care to underserved health
care communities. Further study of the benefits and limitations
of this technology is vital to its incorporation into modern
healthcare in a safe and effective manner.
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