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ABSTRACT

Background

With current surgical teaching models’ lack of standardization and reliance on subjective
assessments by human experts rather than quantitative performance data, training novices to
master surgical technical skills remains challenging. To mitigate this issue, we developed an
artificial intelligence (Al) application known as the Intelligent Continuous Expertise Monitoring
System (ICEMS) capable of assessing bimanual surgical skills at 0.2-second intervals and

providing continuous, action-oriented verbal feedback.

Objectives
The objective of this study is to determine the effect of Al-augmented personalized expert
instruction versus Al tutor instruction alone on surgical performance, skill transfer, and affective-

cognitive responses.

Methods

A multi-institutional randomized controlled trial was conducted wherein medical students
performed subpial brain tumour resection tasks on the NeuroVR and received real-time feedback
on their performance. Students were stratified based on their year in medical school and block
randomized to one of three groups. Group 1 received Al tutor instruction delivered by the
ICEMS, group 2 received expert feedback in identical words to the ICEMS, and group 3
received Al data-informed personalized expert feedback. Trainees performed six practice subpial
resection tasks to assess learning followed by a complex realistic brain tumour resection scenario

to assess skill transfer. The ICEMS quantitatively evaluated trainee performance. Participants
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self-reported emotions before, during, and after training and cognitive load after training via

questionnaires.

Results

Eighty-seven medical students from four Quebec institutions were randomly assigned to
the Al instruction (n = 30), expert instruction (n = 29), and personalized expert instruction (n =
28) groups. The ICEMS assessed and scored 522 practice resections and 87 realistic resections.
During the practice tasks, personalized expert instruction resulted in significantly greater
expertise scores than Al tutor instruction across several trials, including trial 5 (mean difference,
0.26 [95% CI, 0.09 to 0.43]; P =0.01). During the realistic task, the personalized instruction
group had significantly higher expertise scores than both the Al tutor instruction (mean
difference, 0.20 [95% CI, 0.06 to 0.34]; P = 0.02) and expert instruction (mean difference, 0.18
[95% CI, 0.03 to 0.32]; P =0.049) groups. The personalized expert instruction group also
achieved significantly higher scores than the other two groups in certain metrics, such as

bleeding and injury risk. Emotions and cognitive load demonstrated significant differences.

Conclusion
Personalized expert instruction resulted in enhanced surgical performance and skill
transfer compared with intelligent tutor instruction, highlighting the importance of human input

and active participation in Al-based surgical training.
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RESUME

Contexte

Le manque de standardisation des modéles actuels d’enseignement chirurgical et leur
dépendance aux évaluations subjectives d’experts humains plutot qu’a des données quantitatives
sur la performance rendent I’apprentissage des compétences techniques chirurgicales difficile
pour les novices. Pour remédier a ce probléme, nous avons développé une application
d’intelligence artificielle (IA) appelée Intelligent Continuous Expertise Monitoring System
(ICEMS), capable d’évaluer les compétences chirurgicales bimanuelles a des intervalles de 0,2

seconde et de fournir un retour verbal continu orienté vers 1’action.

Objectifs
L’objectif de cette étude est de déterminer 1’effet d’une instruction personnalisée par un
expert, augmentée par I’IA, comparé a une instruction par le tuteur 1A seul, sur la performance

chirurgicale, le transfert des compétences et les réponses affectivo-cognitives.

Méthodes

Un essai contrdlé aléatoire multi-institutionnel a ét¢ mené, dans lequel des étudiants en
médecine ont réalisé¢ des taches de résection tumorale sous-piale sur le simulateur NeuroVR tout
en recevant un retour en temps réel sur leur performance. Les étudiants ont été classifiés en
fonction de leur année d’études en médecine et répartis aléatoirement par blocs dans 1’un des
trois groupes. Le premier groupe a regu une instruction par le tuteur IA via PICEMS. Le

deuxieéme groupe a bénéfici¢ d’un retour d’expert utilisant les mémes termes que ’ICEMS. Le
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troisiéme groupe a regu un retour personnalisé d’un expert informé par les données de I’'TA. Les
participants ont réalis¢ six tdches de résection sous-piale pour évaluer leur apprentissage, suivies
d’un scénario réaliste de résection tumorale complexe pour évaluer le transfert de compétences.
L’ICEMS a quantitativement évalué la performance des participants. Ces derniers ont également
auto-évalué leurs émotions avant, pendant et apres la formation, ainsi que leur charge cognitive

apres I’entrainement via des questionnaires.

Résultats

Quatre-vingt-sept étudiants en médecine provenant de quatre institutions québécoises ont
été répartis aléatoirement dans les groupes instruction par IA (n = 30), instruction par expert (n =
29) et instruction personnalisée par expert (n = 28). L’ICEMS a évalué et noté 522 résections
d’entrainement et 87 résections réalistes. Pendant les taches d’entrainement, I’ instruction
personnalisée par expert a permis d’obtenir des notes d’expertise significativement plus élevées
que I’instruction par tuteur IA sur plusieurs essais, notamment 1’essai 5 (différence moyenne :
0,26 [IC 95 %, 0,09 2 0,43] ; P=0,01). Lors de la tache réaliste, le groupe ayant re¢u une
instruction personnalisée a obtenu des notes d’expertise significativement plus élevés que le
groupe tuteur IA (différence moyenne : 0,20 [IC 95 %, 0,06 a 0,34] ; P = 0,02) et le groupe
instruction par expert (différence moyenne : 0,18 [IC 95 %, 0,03 4 0,32] ; P = 0,049). Le groupe
instruction personnalisée par expert a également obtenu des notes significativement supérieures
aux deux autres groupes pour certains critéres, notamment le risque de saignement et le risque de
blessure. Des différences significatives ont également été observées concernant les émotions et la

charge cognitive des participants.
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Conclusion

L’instruction personnalisée par expert a conduit a une amélioration des performances
chirurgicales et du transfert de compétences, par rapport a I’instruction par tuteur IA, soulignant
I’importance de I’apport humain et de la participation active dans la formation chirurgicale basée

sur ’TA.
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INTRODUCTION

Surgery is one of the most complex and high-stakes fields in medicine, necessitating
expertise in a range of competencies including technical skills, anatomical knowledge, clinical
reasoning, leadership, and communication.! A significant share of patient harm incidents is
attributable to technical errors in surgical procedures.? This is especially true in neurosurgery,
where even minor errors can result in patient mortality, morbidity, decreased quality of life, and
impaired functioning.* Consequently, quality surgical education is a key determinant of positive
patient outcomes.>”’

At present, surgical residency programs follow the apprenticeship-based training model
first established by Dr. William Halsted.®* However, as the field of surgical education transitions
towards a competency-based framework, the limitations associated with the Halstedian model
are becoming increasingly evident. The lack of structured, standardized surgical curricula!®-!3
coupled with the absence of hands-on skill development opportunities outside the operating room
(OR)?® raise concerns about patient safety. Although the adoption of competency-based medical
education (CBME) has led to the implementation of surgical performance assessment methods
such as the Objective Structured Assessment of Technical Skills (OSATS), this framework is
based on qualitative visual ratings, making it prone to evaluator bias and subjectivity.!# The
demand for structured, standardized surgical curricula, opportunities for risk-free technical skill
development, and objective, quantitative performance assessment is more critical than ever.

Innovative technologies like virtual reality (VR) and artificial intelligence (Al) are having
an increasingly significant impact across many disciplines, with surgical education being no
exception. These advancements are expanding the scope of training to support learners in

attaining mastery. VR surgical simulators replicate the tactile, visual, and auditory conditions of



real-world operative procedures, providing learners with controlled, risk-free environments for
technical proficiency training. These simulators capture extensive amounts of data through user
interaction, measuring various parameters such as instrument position, healthy tissue injury risk,
and volume of blood loss.!> Al algorithms can be employed to analyze this data and assess
metric-specific performance based on predetermined expert benchmarks.!® Based on this Al-
based performance assessment, intelligent tutoring systems can provide targeted metric feedback
to improve trainee performance.!%!” When combined, VR surgical simulators and intelligent
tutors can offer an optimal setting for deliberate practice. To adapt to the growing demand for
competency-based surgical curricula, our team developed an intelligent tutoring system that can
be integrated into VR surgical simulators to train bimanual psychomotor skills.!'®

The Intelligent Continuous Expertise Monitoring System (ICEMS) is a deep learning
application that continuously assesses surgical performance in 0.2-second intervals, calculates an
expertise score on a scale of -1.00 (novice) to 1.00 (expert), and provides real-time action-
oriented verbal feedback to improve trainee performance and mitigate errors.!® The ICEMS has
been validated as a tool for performance assessment!® and as an intelligent tutoring system for
technical skill acquisition during a simulated neurosurgical task, with Al-tutored students
significantly outperforming those tutored by an expert instructor.'®* However, the effect of
integrating of human expert instruction and intelligent tutoring on surgical technical skill
acquisition has not previously been studied. This thesis aims to assess the utility of enhancing
human expert instruction with Al performance data for the teaching of technical skills in surgical
simulation. The findings reported here can inform surgical residency programs on curriculum
design and the most effective strategies for incorporating performance assessment algorithms and

intelligent tutoring systems into the training paradigm.



BACKGROUND
History of Surgical Education

In 1890, after being made the first chief of surgery at Johns Hopkins Hospital, Dr.
William Stewart Halsted established the first surgical residency program in the United States.®
Halsted’s training paradigm is known as the “see one, do one, teach one” model and involves
trainees undergoing rapid evolutions from observers to participants to teachers.” After observing
an operation, residents are expected to be capable of performing and then teaching said
procedure.® As a result of its success, this framework was soon adopted throughout the United
States and other countries, including Canada. Inspired by Halsted’s model, Dr. William Edward
Gallie implemented the first surgical training program in Canada at the Toronto General Hospital
in 1931.!° Residency programs transformed surgical education globally, providing trainees with
opportunities for apprenticeship and experiential learning.®

Nevertheless, modern advancements in surgical education research are bringing to light
the limitations of this traditional approach to resident training. In the absence of standardized,

structured surgical curricula,!*-13

residents are forced to rely on opportunistic learning, wherein
their exposure to surgical procedures and techniques is dictated by case availability.?’ As such,
they may not be able to observe and later perform certain less common, higher-risk procedures if
the opportunities do not arise.?! Considering that the attending surgeon’s primary focus in the
operating room (OR) is the care and safety of the patient, meeting the trainee’s learning
objectives may be relegated to a secondary role.!! During a real operation, temporal and
logistical constraints also play a role in hindering the OR’s viability as an educational setting.!!

The operation cannot be unnecessarily prolonged and steps cannot be repeated for demonstration

purposes.'! Furthermore, resident working hour restrictions and an increased focus on non-



operative duties like research limit the amount of time dedicated to gaining hands-on
experience.?’2! Finally, with minimal opportunities to hone their technical skills outside the OR,
residents are constrained to practicing on patients, which presents hazards to patient safety.® This
raises important ethical concerns regarding OR-based teaching.

According to a 2017 report by RiskAnalytica commissioned by the Canadian Patient
Safety Institute, a total of 5.7 million medical incidents will occur in Canadian hospitals over the
following 30 years, resulting in the deaths of 713000 patients and costing the healthcare system
39 billion dollars.?? Another report from the Canadian Institute for Health Information states that
approximately 1 in 17 hospital stays in Canada from 2023 to 2024 resulted in patient harm, with
procedural errors accounting for 18% of these cases.® Surgery is a high-stakes, high-risk branch
of medicine with errors having the potential to result in patient mortality and morbidity, reduced
quality of life, and increased economic burdens on the healthcare system. There are numerous
factors underpinning the success of an operative procedure, including but not limited to bimanual
psychomotor skills, anatomical knowledge, situational awareness, communication, leadership,
and teamwork.!-? Studies have shown that technical performance is a critical determinant of
patient outcomes in surgery.>”’ Neurosurgery, in particular, is a highly specialized surgical
discipline that necessitates years of knowledge and skill acquisition to attain competence. Even
minor errors during neurosurgical procedures can severely impair functioning. In fact, one study
reported that neurosurgeons face the highest proportion of malpractice claims per year of any
medical specialty.? Moreover, the most prevalent errors in neurosurgery are technical in nature.*

The high incidence of surgical errors—especially surgical technical errors—and the
resulting patient harm suggest that the traditional Halstedian framework for surgical education

may require significant reform. Particularly in the case of more technically complex surgical



specialties like neurosurgery, a shift from apprenticeship-based to competency-based training is
warranted. For competency-based training to be effective, surgical curricula must be structured
and standardized to ensure a consistent and comprehensive educational experience. Surgical
simulation is a feasible solution, providing trainees with opportunities to develop their technical

skills outside the OR at no cost to patient safety.’-*!



Simulation in Surgical Education

Simulation is the replication of real-life scenarios to produce authentic and immersive
settings.?* In the context of surgical training, simulation provides learners with controlled, risk-
free environments for technical skill development, allowing them to refine and strengthen their
expertise before operating on patients.?*?° Surgical simulation can be broadly categorized into
two types: organic and inorganic.?* Inorganic simulators are further divided into synthetic and
virtual models.?¢

Organic simulators encompass any simulator that utilizes biological tissues such as
cadaveric models, live animals, and ex vivo animal tissues.?® While these models replicate
anatomical structures and tactile sensations with high fidelity to human operations, they are
costly, non-reusable, and pose ethical challenges.?® Synthetic models are typically lower in
fidelity and constructed from materials such as plastic, rubber, and latex, making them a cheaper
alternative.>* Examples include three-dimensional (3D)-printed models, benchtop simulators, and
manikins.?*?¢ These models often prioritize cost-effectiveness and portability at the expense of
realism, positioning them as useful tools for training specific skills like hand-eye coordination
and dexterity, yet insufficient for capturing the full spectrum of competencies required for
operative procedures.?® With the rapid evolution of innovative technologies driving progress in
medicine, virtual simulators are continuously being developed and optimized for simulation-
based surgical education. Virtual simulators consist mainly of virtual reality (VR) and augmented
reality (AR). VR combines visual, auditory, and haptic stimuli to immerse users in a fully
computer-generated environment that mimics real-world conditions.?’” AR, on the other hand,
bridges the virtual and physical worlds by overlaying digital components onto real images.?” AR-

based surgical simulators can be used as navigational tools during live surgery?® or for skills



training in conjunction with physical simulators.?’?° By contrast, due to their confinement to
virtual environments, VR simulators are employed for surgical training. Although generally
costly, virtual simulators provide high-fidelity environments and allow for repetitive practice.
Moreover, virtual simulators operate on computer systems capable of collecting large amounts of
performance data, facilitating the data analysis process.*°

Surgical simulators are commonly assessed for their viability as educational tools through
validation studies, particularly those evaluating face, content, and construct validity. Face and
content validity are subjective evaluation methods involving completion of questionnaires by
participants.’! Face validity describes a model’s realism and how accurately it resembles the task
it aims to simulate, whereas content validity relates to its capacity to improve users’ skills during
training.>! Construct validity is an objective measure of a simulator’s ability to reliably
differentiate between individuals with varying skill levels.?! Studies measuring learning and skill
transfer from simulated environments to real-world surgical settings can also be used to
determine a simulator’s utility for surgical training. For example, one study investigated the
transferability of simulated laparoscopic surgical skills to the OR through a prospective, blinded
controlled trial.> One group of residents underwent laparoscopic skills training on a VR
simulator, while the other group received no training.’? All participants proceeded to perform a
real laparoscopic cholecystectomy and were evaluated by an experienced surgeon.?? The group
that received training performed significantly better than the group that received no training,
indicating that laparoscopic skills acquired during VR simulation transferred to the OR.

Simulation-based training is grounded in several learning theories. Deliberate practice
refers to a systematic approach to skill acquisition involving repetitive performance, targeted

feedback by an expert supervisor, and well-defined learning objectives.?* This approach aligns



well with simulation-based surgical training, where trainees can repeatedly practice procedures
under expert supervision until competence is achieved. Furthermore, practicing on simulators
enables trainees to develop their skills through experiential learning without exposing patients to
the safety risks involved in OR-based training.**

When designing simulation-based surgical training curricula, it is important to consider
affective and cognitive demands to foster an environment conducive to learning while
minimizing external distractions. Although human thinking and learning were traditionally
considered purely cognitive activities, recent research has highlighted the previously-overlooked
relationship between emotions and learning-related outcomes.*> According to the control-value
theory of achievement emotions, learners’ emotions can be influenced by their perceived control
over a given activity and the value they ascribe to it.>® In turn, these emotions may impact learner
interest, engagement, motivation, and overall performance.** Emotions are classified by valence
(pleasantness) and activation (physiological arousal), yielding four distinct emotional categories:
positive activating, positive deactivating, negative activating, and negative deactivating (Figure
1).27 As core dimensions of emotion, valence and activation function by either promoting or
hindering motivation and action, respectively.*® Thus, positive activating emotions (e.g., pride,
curiosity) are positively correlated with achievement, while negative deactivating emotions (e.g.,
disappointment, boredom) are generally considered detrimental to learning outcomes.*® Positive
deactivating emotions (e.g., relaxation, relief) and negative activating emotions (e.g., frustration,
fear) often result in more variable behavioural responses that may support or impede learning,
depending on the intensity of these emotions and the surrounding learning context.*

Beyond emotional factors, the cognitive effort required to process new information also

plays an important role in determining learning outcomes. Cognitive load theory postulates that



learners have limited cognitive resources, which must therefore be directed efficiently to support
learning.*® Instruction influences how information is processed by generating three forms of
cognitive load within learners: intrinsic, extraneous, and germane.*! Intrinsic load refers to the
inherent difficulty of the learning material and is influenced by the learner’s prior knowledge, the
number of instructional elements, and the complexity of their interactions.*! In contrast, germane
load involves the mental processes required to organize new information into schemas.*! Put
simply, intrinsic load pertains to the demands of performing a task, while germane load reflects
the mental effort invested in learning from a task.*! Finally, extraneous load arises from factors
external to the learning material, such as inadequate guidance and poorly-designed educational
settings.*!

To better understand the affective and cognitive responses elicited in learners during
training, validated instruments have been developed to measure both dimensions. The Medical
Emotions Scale (MES) is a tool designed to measure the intensity of emotions experienced by
learners in medical education contexts.’” The MES assesses seven positive activating, two
positive deactivating, seven negative activating, four negative deactivating, and two non-valence
emotions.’” The Cognitive Load Index (CLI) is a 10-item instrument developed to quantitatively
measure intrinsic, extraneous, and germane cognitive load.*? In this study, all participants filled
out MES and CLI questionnaires to assess the affective and cognitive demands associated with

each educational intervention.
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Simulation in Neurosurgical Education

Given the nervous system’s fragility and central role in bodily functioning, neurosurgery
is among the most complex, high-stakes surgical disciplines, where errors have the potential to
result in significant patient morbidity and mortality.** Thus, neurosurgery represents an excellent
surgical subspecialty for the assessment and implementation of simulation-based surgical
training. To support the deliberate practice of neurosurgical technical skills in controlled, risk-
free environments, our team has contributed to the development and validation of both VR and
ex vivo neurosurgical simulators.!%-23:4445

Developed by a team of experts from the National Research Council Canada, the
NeuroVR (CAE Healthcare, Montreal, Canada) is an immersive, high-fidelity VR surgical
simulation platform that offers a range of interactive neurosurgical and spinal procedure
scenarios.!’ Realistic anatomical structures, haptic sensations (e.g., tissue resistance), and
physical and physiological responses (e.g., heartbeat, bleeding) are all represented with accuracy
to real human surgical conditions.!> The simulation is viewed through a neurosurgical
microscope, which enables 3D visualization of the simulated tissues.!> The simulator is equipped
with bipolar forceps and an ultrasonic aspirator, each attached to a haptic handle.!® These
instruments are also represented virtually within the simulation and reflect the user’s physical
manipulations on screen in real time.!> The ultrasonic aspirator removes pathological tissue and
suctions blood, while the bipolar forceps are used to retract tissue for improved visualization and
to cauterize bleeding points.!®> The NeuroVR has demonstrated face, content, and construct
validity, establishing its viability as an educational tool.?

Two of the scenarios offered by the NeuroVR allow users to practice subpial resection, a

critical neurosurgical technique for the management of brain tumours and epilepsy. During this
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procedure, the bipolar forceps are used to lift the pia mater while the ultrasonic aspirator resects
the underlying pathological tissue.*® The NeuroVR features a simpler “practice” subpial
resection scenario for developing the core competencies involved in performing this technique
(Figure 2) and a more complex “realistic” scenario used to evaluate how well trainees apply,
retain, and transfer acquired skills (Figure 3).* In both scenarios, users are tasked with removing
a glioma-like human primary brain tumour while minimizing bleeding and damage to healthy
tissue.

Although VR simulators like the NeuroVR can achieve high degrees of realism, they are
unable to fully replicate the experience of handling biological tissue, which remains essential for
developing surgical competence. As such, an ex vivo calf brain model for subpial resection—
intended to function as an intermediary between the virtual operating environment of the
NeuroVR and the real-world OR—was developed.*® The calf brain was chosen due to its
affordability, availability, and anatomical similarity to the human pediatric brain.* This model
exhibited face and content validity according to evaluations by neurosurgical residents, fellows,

and expert consultants.*
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Performance Assessment in Surgery: Foundations

Growing critiques of traditional apprenticeship-based surgical training frameworks have
catalyzed the adoption of competency-based medical education (CBME) principles in residency
programs worldwide. Performance assessment methodologies are key components of CBME,
facilitating the process of evaluating trainee competence and ensuring readiness for independent
clinical practice. In an effort to bridge the gap between CBME and clinical practice, the Royal
College of Physicians and Surgeons of Canada integrated entrustable professional activities
(EPAs) into residency programs.*’#® EPAs are defined as tasks or responsibilities residents are
permitted to perform autonomously only once they have demonstrated sufficient competence, as
assessed by attending surgeons.*’->° While EPAs establish benchmarks for a resident’s abilities at
each stage of training,*’ they lack the structure offered by criteria-based performance assessment
rating scales.

Multiple rating scales for evaluating surgical technical skills exist, but the Objective
Structured Assessment of Technical Skills (OSATS) is often recognized as the gold standard due
to its widespread use in surgical training.’! The OSATS comprises seven categories, each rated
by the evaluator on a 5-point Likert scale: respect for tissue, time and motion, instrument
handling, knowledge of instruments, use of assistants, flow of operation and forward planning,
and knowledge of specific procedure.’? This scale is relevant and adaptable to any surgical
specialty.

Unfortunately, the use of the OSATS and similar rating scales involves limitations.
Without quantitative measures for metrics such as amount of force applied, volume of blood loss,
and width of resection margins, the OSATS is based entirely on qualitative visual ratings. As

with any assessment method reliant on human observation, this renders it vulnerable to evaluator
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bias and subjectivity.!* Moreover, studies have reported significant institutional and regional
variations in surgical practice, citing differences in surgical protocols (e.g., perioperative blood
transfusion use)>* and operative factors (e.g., negative margin rates and lymph node yields).>*
Such variations may further bias the scoring process and contribute to inconsistencies in OSATS
ratings, diminishing the generalizability of results across institutions and regions. These

limitations emphasize the need for more objective, data-driven systems to evaluate surgical

performance by breaking it down into multiple quantifiable metrics.



14

Performance Assessment in Surgery: Innovations

Artificial intelligence (Al) is a term that encompasses all forms of computer simulation of
human intelligence through learning, reasoning, problem-solving, predicting, decision-making,
and more.> Machine learning (ML) is a branch of Al that refers to the process of computers
learning from and recognizing patterns within the input data.’® Three major types of ML include
supervised, unsupervised, and reinforcement learning.>” Supervised ML algorithms use labelled
data to map the input to the output, allowing them to make predictions about unseen data.>’
Supervised ML has established its utility in various facets of surgery including preoperative

planning and decision-making,’®> instrument detection and tracking,5%-6!

postoperative outcome
prediction,®*%* technical skill assessment,'3-¢7 and training.!¢-18-68

With the recent shift of surgical training paradigms from apprenticeship-based to
competency-based, innovations in surgical performance assessment are emerging. Current
assessment methods rely on qualitative observation by human experts rather than more
quantitative measures. Al’s capacity to process and analyze large, complex datasets render it
suitable for quantifying surgical technical skills. Studies have employed various supervised
machine learning algorithms for performance assessment including artificial neural network,
naive Bayes, linear discriminant analysis, logistic regression, support vector machine, k-nearest
neighbour, and random forest models.!%%>-67 A key challenge in applying these Al technologies
lies in determining how performance can be quantified. The primary approach used to achieve
this is through the extraction of specific metrics.®® In surgical training, metrics function as tools
for measurement, providing standards of reference by which performance, efficiency, and

progress can be assessed. Many operative procedures necessitate multiple bimanual psychomotor

skills. As such, metrics provide expert benchmarks to measure individual skills and subsequently
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allow for surgical performance to be inferred and extrapolated.?> As such, our team developed a
surgical skill assessment system known as the Intelligent Continuous Expertise Monitoring
System (ICEMS). !¢

The ICEMS is a deep learning application that quantitatively assesses surgical
performance at 0.2-second intervals and calculates an expertise score on a scale of -1.00 (novice)
to 1.00 (expert).'® To develop this system, performance data on a NeuroVR subpial brain tumour
resection task was collected from 12 medical students and 14 neurosurgeons classified as novices
and experts, respectively.'® Sixteen performance metrics comprising instrument handling (e.g.,
acceleration, velocity, and force application for each instrument) and risk assessment (e.g.,
healthy tissue injury risk) were extracted from the raw data.!® This metric data was then inputted
into a long short-term memory (LSTM) network to train it to learn surgical expertise from the
difference between novice and expert performance.'® The system has demonstrated predictive
validity for its ability to accurately differentiate between neurosurgeons, senior neurosurgery
residents (post-graduate year [PGY] 4 to 6), junior neurosurgery residents (PGY 1 to 3), and
medical students based on their surgical performance.'® The ICEMS is granular, objective, and
has demonstrated aptitude for scoring hundreds of virtual reality surgical simulation tasks in

randomized controlled trials (RCTs).!8-68
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Intelligent Tutoring Systems

Intelligent tutoring systems are autonomous pedagogical agents that employ Al
algorithms to provide guidance and instruction to learners.”7? Designed to simulate the role of a
human educator, intelligent tutoring systems evaluate learner progress and adapt their content to
individual learners’ knowledge and skillsets.”” Numerous intelligent tutoring systems have been
developed for improving clinical and surgical competencies including things like diagnostic
reasoning, emergency management, and procedural skills.”3-7¢ In the context of surgical technical
skills training, intelligent tutoring systems can quantitatively assess trainee performance, identify
errors according to Al-derived metrics, and provide action-oriented feedback accordingly.!6:!7

In 2020, the Virtual Operative Assistant (VOA), an intelligent tutoring system for
teaching bimanual psychomotor surgical skills in surgical simulation, was developed by our
group.!” The VOA uses NeuroVR performance data to calculate learner scores on Al-derived
metrics and leverages a linear support vector machine to classify their performance as either
novice or expert.!” Following the completion of a simulation task, text-based, auditory, and
video-based instructions are provided to the trainee based on their metric scores.!” The VOA
assesses and trains four Al-selected metrics: bipolar forceps force application, rate of bleeding,
instrument tip separation distance, and bipolar forceps acceleration.!” The system adheres to the
mastery learning model,”” ensuring learners reach competency in the safety metrics before
moving onto instrument movement metrics.!” In an RCT, the VOA yielded superior learning
outcomes for the post-hoc teaching of Al-selected metrics compared with human expert
instruction.®® However, the VOA lacks the capacity to continuously evaluate operative

performance and provide real-time instruction. As such, this intelligent tutor fails to replicate the



17

learner-educator dynamics in the human operating room, wherein the attending surgeon monitors
the resident’s performance in real time and intervenes to correct errors as they arise.!6

To address these shortcomings, a new intelligent tutoring system known as the Intelligent
Continuous Expertise Monitoring System (ICEMS) was developed for training surgical technical
skills.'® Compatible with any VR surgical simulator, the ICEMS prioritizes deliberate practice in
a controlled simulation environment. The ICEMS uses a deep learning algorithm known as an
LSTM network to continuously assess intraoperative performance at 0.2-second intervals.'¢
Based on this performance evaluation, the system proceeds to provide real-time verbal
instruction on five Al-selected metrics.!¢ These metrics are divided into two categories: risk
assessment—comprising healthy tissue injury risk and bleeding risk—and coaching—consisting
of instrument tip separation distance, bipolar forceps force application, and ultrasonic aspirator
force application.!'® Expert benchmarks were established for each of the five metrics during the
ICEMS’s development, when NeuroVR performance data from 14 experts was inputted into an
LSTM network.'® When the system detects an error in one of the metrics—defined as the
participant’s score deviating by more than standard deviation from the expert benchmark for over
1 second—it delivers real-time verbal feedback to prompt error correction.'¢

Explainability and transparency are important features of Al that allow stakeholders to
trust the learning potential of these technologies.”®% However, the processes underlying the
decision-making of Al systems are often obscure to humans, leading to what is known as the
black box problem.?! During the ICEMS’s development, specific metrics which distinguish
expert from novice performance were identified and an LSTM network was trained using
labelled metric data. The system’s algorithm structure uses metric scores to calculate a composite

expertise score. These attributes of the ICEMS underscore the system’s explainability and
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transparency, allowing us to understand both how it was built and the logic behind its decision-
making.

A previous RCT demonstrated that trainees tutored by the ICEMS demonstrated superior
learning outcomes compared with those tutored by a human instructor.'® However, in this study,
human educators were not provided with quantitative error data, making their instructions
susceptible to subjectivity. This limitation has highlighted the need for further investigation into
the integration of quantitative Al error data and personalized expert instruction during surgical
simulation training. A subsequent randomized cross-over trial sought to further explore both
instructional modalities in separate training sessions.®? Two groups received feedback from either
the ICEMS tutor or a human expert instructor during the first training session before crossing
over to the alternate intervention in a follow-up session.®? The surgical performance of trainees
who received expert instruction followed by Al instruction improved significantly across both
sessions, while trainees who received Al instruction first exhibited significant skill decay during
the second session.®? These findings suggest that human expert instruction may provide trainees
with foundational knowledge and skills, while intelligent tutors serve to refine these skills.
However, the possible unintended consequences of Al tutoring during training® make evident
that careful incorporation of intelligent tutoring systems into surgical curricula based on
empirical evidence from well-designed studies is essential. A cohort study investigating the
effects of intelligent tutoring on learning outcomes in surgical simulation training reported that
Al tutoring unintentionally hindered trainee performance on several efficiency metrics.®* The
study concluded that human expert input may be imperative when designing Al-enhanced

surgical curricula.®
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To date, no investigations have been conducted to evaluate the effects of harnessing and
combining the strengths of both human and Al tutoring methodologies within a single surgical
simulation training session. We sought to assess the pedagogical utility of augmenting human
expert instruction with intelligent tutoring systems’ quantitative performance assessment

capabilities.
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THE STUDY OBJECTIVES

To the best of our knowledge, the effect of augmenting human expert instruction with
quantitative Al performance data on surgical skill acquisition during simulation training remains
unexplored. Therefore, the primary objective of this thesis is to evaluate the effect of Al-
augmented personalized expert instruction—where human surgical educators are provided with
quantitative ICEMS performance data—compared with Al tutor instruction on trainees’ surgical
performance, improvement, and skill transfer during simulation training. The secondary
objective is to investigate how these instructional modalities influence trainees’ affective and

cognitive responses.

THE STUDY HYPOTHESIS

Our primary hypothesis is that Al-augmented personalized expert instruction will result
in superior surgical performance, technical skill acquisition, and skill transfer among trainees
compared with Al tutor instruction. This hypothesis is grounded in adult learning theories that
emphasize the benefits of personalized learning and contextualization on learning outcomes.?4-%
Our secondary hypothesis is that the Al-tutored group will experience stronger negative emotions
and increased cognitive demands compared with both instructor-led groups. While research in
this area remains limited, one study reported that learning with non-human tutors imposes greater
cognitive demands than with human ones.?” As suggested in the literature, this may be due to

human tutors’ capacity to interpret emotional signals and respond strategically to mediate learner

emotions and cognitive load.®



21

THE STUDY

Effect of Artificial Intelligence-Augmented Human Instruction on Surgical Simulation

Performance: A Randomized Controlled Trial

Authors: Bianca Giglio, BSc'; Abdulmajeed Albeloushi, MD!?; Ahmad Kh. Alhaj, MD'?;

Mohamed Alhantoobi, MD, MSc!-}; Rothaina Saeedi, MD'2; Vanja Davidovic, BHSc!;

Abicumaran Uthamacumaran, BSc!; Recai Yilmaz, MD, PhD'"#; Jason Lapointe, DEC'!®; Neevya

Balasubramaniam, DEC"%; Trisha Tee, MSc!’; Ali M. Fazlollahi, MSc!®; José A. Correa, PhD?;

Rolando F. Del Maestro, MD, PhD!

Affiliations:

1.

Neurosurgical Simulation and Artificial Intelligence Learning Centre, Department of
Neurology and Neurosurgery, Montreal Neurological Institute and Hospital, McGill
University, 300 Rue Léo-Pariseau, Suite 2210, Montreal, QC, Canada H2X 4B3
Department of Neurology and Neurosurgery, Montreal Neurological Institute and
Hospital, McGill University, 3801 Rue University, Montreal, QC, Canada H3A 2B4
Department of Neurosurgery, Hamilton General Hospital, McMaster University Medical
Centre, 237 Barton St E., Hamilton, ON, Canada L8L 2X2

Children’s National Medical Center, Division of Neurosurgery and Pediatrics, 111
Michigan Ave NW, Washington, D.C. 20010, United States of America

Faculty of Science and Engineering, Université Laval, Pavillon Alexandre-Vachon, 1045

Av. de la Médecine, Quebec City, QC, Canada G1V 0A6



22

6. Faculty of Medicine and Health Sciences, McGill University, 3605 Rue de la Montagne,
Montreal, QC, Canada H3G 2M1

7. Florida International University Herbert Wertheim College of Medicine, 11200 SW 8th St
AHC2, Miami, FL 33199, United States of America

8. Department of Mathematics and Statistics, McGill University, 805 Sherbrooke St W,

Montreal, QC, Canada H3A 1Y2

The preceding work has been augmented with additional information and materials to reflect the

requirements for thesis submission for a Master of Science.

This manuscript was submitted for review to JAMA Surgery on April 7, 2025.



23

KEY POINTS

Question: Does artificial intelligence-augmented personalized expert instruction improve
surgical performance, skill transfer, and affective-cognitive responses compared to intelligent

tutoring alone?

Findings: In this randomized clinical trial of 88 medical students, trainees achieved significantly
higher performance scores when tutored by a human educator providing personalized feedback

based on artificial intelligence error data than by an intelligent tutor alone.

Meaning: Providing human educators with artificial intelligence performance data to tailor

feedback improves learning outcomes in surgical simulation training.
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ABSTRACT

Importance: To understand how to optimize the Intelligent Continuous Expertise Monitoring

System, an artificial intelligence tutoring system, for surgical training.

Objective: To determine the effects of artificial intelligence-augmented personalized expert
instruction versus intelligent tutoring alone on surgical performance, skill transfer, and affective-

cognitive responses.

Design: Single-blinded randomized controlled trial. Cross-sectional data collected from March

to September 2024 and per-protocol analysis conducted in March 2025.

Setting: McGill University’s Neurosurgical Simulation and Artificial Intelligence Learning

Centre.

Participants: Volunteer sample of Quebec medical students in preparatory, first, or second year

without prior use of NeuroVR.

Intervention: During simulated surgical procedures, trainees received one of three feedback
methods. Group 1 received only intelligent tutor instruction (control). Two intervention arms
included group 2, receiving expert feedback in identical words to the intelligent tutor, and group

3, receiving artificial intelligence data-informed personalized expert feedback.
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Main Outcomes and Measures: Coprimary outcomes included change in overall surgical
performance across practice resections and skill transfer to a complex realistic scenario,
measured by artificial intelligence-calculated composite expertise score (range, -1.00 [novice] to
1.00 [expert]). Secondary outcomes included emotional and cognitive demands, measured via

questionnaires.

Results: Final analysis included 87 medical students (46 [53%] women, 40 [46%] men, 1 [1%]
unspecified; age mean [SD], 22.7 [4.0] years), with 30, 29, and 28 participants in groups 1, 2,
and 3, respectively. Group 3 achieved significantly higher scores than group 1 across several
trials, including trial 5 (mean difference, 0.26 [95% CI, 0.09 to 0.43]; P =0.01) and the realistic
task (mean difference, 0.20 [95% CI, 0.06 to 0.34]; P = 0.02). Group 3 also achieved
significantly better scores than the other two groups in certain metrics, such as bleeding and

injury risk. Emotions and cognitive load demonstrated significant differences.

Conclusions and Relevance: In this randomized controlled trial, artificial intelligence-
augmented personalized expert instruction resulted in enhanced surgical performance and skill
transfer compared with intelligent tutor instruction, highlighting the importance of human input

and participation in artificial intelligence-based surgical training.

Trial Registration: Registered on ClinicalTrials.gov on February 16, 2024 (name: Efficiency of
Verbal Intelligent Tutor Instruction in Surgical Simulation; number: NCT06273579; URL:

clinicaltrials.gov/study/NCT06273579).
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INTRODUCTION
Though expert surgical technical skill is linked with improved patient outcomes, training
novices to master these skills remains challenging.’”” Current surgical teaching models lack

standardization!%-!3

and rely on qualitative performance assessments by human experts rather
than quantitative performance data.'* Artificial intelligence (AI) tutoring systems have the
potential to address these shortcomings due to their ability to process and analyze large, complex
datasets, exceeding human capacity for pattern recognition.!®!8:6883 The goal of these
technologies is to create standardized Al-enhanced surgical curricula to improve trainee
bimanual skills, thereby achieving better patient outcomes.”®-728%-91

In a randomized controlled trial (RCT), the Virtual Operative Assistant (VOA) intelligent
tutoring system effectively augmented surgical performance on a virtual reality (VR) simulator
via post-hoc Al-selected metric feedback.!”%® The VOA lacks the ability to assess real-time
surgical performance and deliver continuous intraoperative instruction, limiting its educational
utility in the dynamic operating room environment. The Intelligent Continuous Expertise
Monitoring System (ICEMS) addresses the necessity for real-time application by employing a
multi-algorithm approach to assess bimanual surgical skills at 0.2-second intervals and provide
continuous, action-oriented verbal feedback.'® Built based on quantifiable, Al-derived metrics
that enable continuous performance scoring from -1.00 (novice) to 1.00 (expert),'¢ the ICEMS
demonstrates explainability and transparency critical to educator and learner engagement.”8-%
The ICEMS can be integrated into any VR surgical simulator including the NeuroVR. This
system has been validated for its ability to accurately differentiate surgical expertise levels, track
skill acquisition throughout a neurosurgical training program,'® and serve as a pedagogical tool

for risk assessment, coaching, and error detection. '8
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Another RCT demonstrated that ICEMS feedback yielded enhanced learning outcomes
compared with expert feedback during a simulated surgical task.'® Instructors in this study were
blinded to the ICEMS error data and depended on qualitative observation rather than on the
quantitative evaluations offered by the ICEMS. A cohort study investigating VR surgical skill
acquisition found that an Al-enhanced curriculum resulted in unintended consequences that
negatively impacted some efficiency metrics, indicating a potential necessity for human expert
input.®* A randomized cross-over trial assessed the effect of using both ICEMS and expert
instruction methodologies in succession and found that ICEMS feedback significantly improved
surgical performance following expert instruction.®? These results suggest that Al-enhanced
curricula may benefit from collaboration between human educators and intelligent tutors.

This study aimed to investigate the effect of Al-augmented human instruction—where
human surgical educators were provided with quantitative ICEMS performance data—on
learners’ technical skill acquisition during simulation training. We hypothesized that expert
instructors supported by quantitative Al data to deliver continuous personalized instruction
would be more effective at improving learning and transfer of surgical technical skills among

trainees compared with Al instructors, while resulting in lower negative emotions and cognitive

load.$75%

METHODS
This parallel-design single-blinded three-arm RCT was approved by the McGill
University Health Centre Research Ethics Board, Neurosciences-Psychiatry. The study was

registered at ClinicalTrials.gov on February 16, 2024 (NCT06273579). This report follows the
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Consolidated Standards of Reporting Trials involving Artificial Intelligence (CONSORT-ATI)??

and the Machine Learning to Assess Surgical Expertise (MLASE) checklist.”?

Participants

Participants were recruited between March and September 2024 for a single 90-minute
surgical simulation session without follow-up at McGill University’s Neurosurgical Simulation
and Artificial Intelligence Learning Centre (Table 2). A sample size calculation for a repeated
measures analysis of variance (ANOVA) with a between-subjects factor was conducted using
G*Power version 3.1.%* A power of 0.9, an effect size of 0.3, an a error probability of 0.05, and a
correlation among repeated measures of 0.5'8 yielded a total of 87 participants, with 29 in each
of three groups. Volunteer sampling was used to attain the desired sample size. Recruitment
information was disseminated via student groups, social media, and word of mouth. The
inclusion criteria consisted of enrollment in preparatory, first, or second year at one of four

Quebec medical schools. The exclusion criterion consisted of previous use of the NeuroVR.

Randomization
Students were stratified based on their year in medical school and block randomized to
one of three intervention arms with an allocation ratio of 1:1:1 using random number sequences

generated by Random.org.” Participant recruitment flowchart is outlined in Figure 4.

Simulation Session
All tasks were performed on the NeuroVR (CAE Healthcare), a validated surgical

simulator that simulates a subpial brain tumour resection in a 3D VR environment.!>?* The
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session consisted of two scenarios: a practice subpial resection task (Figure 2) and a realistic
subpial brain tumour resection (Figure 3).** These tasks involved the use of bipolar forceps and
an ultrasonic aspirator, each attached to a haptic handle, to completely resect the abnormal tissue
while minimizing bleeding and damage to the surrounding healthy tissue.?®¢ Participants
performed six 5-minute practice tasks to assess their learning and technical skill acquisition,
followed by a 13-minute realistic task to assess skill transfer to a more complex procedure. A 5-

minute rest period was afforded to participants between each task.

Study Procedure

Prior to the simulation session, participants read and signed an informed consent form.
They then completed a pre-trial questionnaire recording demographic information and self-
reported baseline emotions using the Medical Emotions Scale (MES) (Figure 1).%” Following the
performance of six practice tasks, participants completed a peri-trial questionnaire to assess the
strength of emotions elicited during training using the MES. After the realistic task, students
filled out a post-trial questionnaire that recorded emotions after training using the MES and self-
reported cognitive load using the Cognitive Load Index (CLI).** Random allocation sequence
generation, participant enrollment, and assignment to interventions were conducted by the study
coordinator. Participants and instructors were blinded to group assignments and study outcomes.

Study procedure is outlined in Figure 5.

Interventions
The ICEMS continuously assessed each participant’s performance at 0.2-second intervals

and calculated expertise scores based on the following performance metrics: healthy tissue injury
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risk, bleeding risk, instrument tip separation distance, bipolar forceps force utilization, and
ultrasonic aspirator force utilization.!®!® An error is defined as a difference of more than one
standard deviation from the expert benchmark for over 1 second.!®!®

All participants began by completing a practice resection during which they did not
receive feedback to establish a baseline. They proceeded to perform their second through fifth
repetitions of the practice task while receiving intraoperative instruction with the feedback
delivery method varying between groups. No post-hoc feedback was provided. All groups
completed a sixth practice resection without feedback, serving as a summative assessment.
Finally, they completed the realistic brain tumour resection task without feedback to assess skill

transfer to a more complex scenario.

Group 1 (Control): Al Tutor Instruction
The control group received real-time verbal feedback delivered by the ICEMS when a
metric error was detected. Table 1 contains the verbatim instructions delivered by the Al tutor for

each metric.

Group 2 (Experimental): Expert Instruction

One experimental group received in-person, real-time verbal feedback from one of two
neurosurgical residents (M.A., post-graduate year [PGY] 5; A.K.A., PGY 4) based on ICEMS
error detection. The ICEMS alerted the instructor via coloured indicators when a metric error
was detected, and the instructor delivered feedback to the trainee using the exact wording

provided by the ICEMS (Table 1).
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Group 3 (Experimental): Personalized Expert Instruction

One experimental group received Al-augmented in-person, real-time verbal feedback
from a neurosurgical resident (A.A., PGY 4) based on ICEMS error detection. The ICEMS
alerted the instructor via coloured indicators when a metric error was detected, and the instructor

delivered tailored, personalized feedback to the trainee without restriction to ICEMS wording.

Outcome Measures

The first coprimary outcome was trainee learning and overall surgical performance on
NeuroVR practice tasks, scored by the ICEMS, which assessed each participant’s performance in
0.2-second intervals. The second coprimary outcome was trainee technical skill transfer to a
realistic resection task on the NeuroVR, scored by the ICEMS.

The secondary outcome was trainees’ self-reported affective-cognitive responses.”’ These
include the strength of emotions elicited before, during, and after training and cognitive load
after training. Emotions and cognitive load were measured via questionnaires using the MES?’

on 7-point Likert scales and the CLI** on 5-point Likert scales.

Statistical Analysis

Within-group differences from baseline in practice task scores and MES scores were
compared using a mixed-model one-way ANOVA. Between-group comparisons at each
timepoint for practice task scores and MES scores were conducted using a mixed-model two-
way analysis of covariance (ANCOVA), with baseline performance as a covariate. Realistic task
scores and CLI scores were compared using a one-way ANOVA. Post-hoc pairwise comparisons

were adjusted for multiple testing using the Tukey method for between-group differences and the
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Sidédk method for within-group differences. Assumptions of normality and homogeneity of
errors, as well as the presence of outliers, were investigated with graphical analyses of model
residuals. Observations with studentized residuals exceeding an absolute value of 3 were deemed
outliers and removed. Means from Likert items were computed prior to analysis of emotions and
cognitive load. All statistical hypothesis tests were two-sided and performed at a significance
level of 0.05. Statistical analyses and score predictions were performed using R version 4.4.3.%8

Data analysis was conducted in March 2025.

RESULTS

Eighty-eight medical students enrolled in one of four medical schools across the province
of Quebec were block randomized according to their year of study with 31 in the Al tutor
instruction group (group 1), 29 in the expert instruction group (group 2), and 28 in the
personalized expert instruction group (group 3). Data from one participant in group 1 was
excluded from analysis due to technical issues that occurred during the simulation session. The
ICEMS assessed data from 87 participants (46 [53%] women, 40 [46%] men, 1 [1%]
unspecified; age mean [SD], 22.7 [4.0] years; 25 [29%] preparatory year, 42 [48%] first year, 20

[23%] second year), including 522 practice resections and 87 realistic resections (Table 2).

Performance Across Practice Subpial Resection Trials

The mean composite expertise scores from the baseline assessment (trial 1) were -0.58
(95% CI, -0.68 to -0.49) for group 1, -0.60 (95% CI, -0.70 to -0.50) for group 2, and -0.55 (95%
CI, -0.65 to -0.44) for group 3. Group 3 significantly outperformed group 1 during trial 4 (mean

difference, 0.26 [95% CI, 0.09 to 0.43]; P =0.01) and trial 5 (mean difference, 0.26 [95% CI,
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0.09 to 0.43]; P =0.01). Although group 3 generally achieved higher mean scores than group 2
across practice trials, these differences were not statistically significant. During trial 5, group 2
significantly outperformed group 1 (mean difference, 0.23 [95% CI, 0.04 to 0.41]; P = 0.02),
indicating that the presence of a human instructor may play a role in improving trainee surgical
performance. No statistically significant differences between groups were observed during trial
6. The only group whose mean expertise score surpassed the novice threshold of 0 was group 3
in trial 4. For within-group differences, all groups demonstrated statistically significant
improvements in their scores from baseline across practice trials (Figure 6A).

Scores for individual ICEMS metrics used for competency training were also assessed.
Al-augmented personalized expert instruction, the intervention delivered to group 3 participants,
largely resulted in metric scores closer to expert benchmarks than the other two interventions.
From trials 3 to 6, group 3 achieved significantly lower bleeding risk than both groups 1 and 2
and lower injury risk than group 1 (Figure 6B-C). For aspirator force, group 3 significantly
outperformed group 2 during trials 4 and 6 and group 1 during trials 3 and 4 (Figure 6D). Within-
group comparisons revealed that all groups improved significantly from their baseline

performance on several metrics, with group 3 showing the most consistent improvement.

Performance During Realistic Subpial Resection Task

The mean composite expertise scores from the realistic task were -0.35 (95% CI, -0.45 to
-0.24) for group 1, -0.32 (95% CI, -0.43 to -0.21) for group 2, and -0.14 (95% CI, -0.25 to -0.04)
for group 3. Group 3 significantly outperformed both group 1 (mean difference, 0.20 [95% CI,
0.06 to 0.34]; P =0.02) and group 2 (mean difference, 0.18 [95% CI, 0.03 to 0.32]; P =0.049),

underscoring better skill transfer (Figure 7A). Group 3 also outperformed group 1 on both risk
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assessment metrics, achieving significantly lower bleeding risk (mean difference, 0.11 [95% CI,
0.05 to 0.16]; P < 0.001) and injury risk (mean difference, 0.03 [95% CI, 0.01 to 0.04]; P =
0.009) (Figure 7B-C). No statistically significant differences between groups were found for

aspirator force, bipolar force, and tip separation distance (Figure 7D-F).

Emotions and Cognitive Load

Group 3 reported significantly greater levels of negative activating emotions (e.g.,
frustration) than group 1 after the trial (mean difference, 0.42 [95% CI, 0.01 to 0.82]; P = 0.04).
No between-group differences were observed for positive deactivating and negative deactivating
emotional categories. The only group that experienced a statistically significant increase in
positive deactivating emotions (e.g., relief) was group 1 following the practice trials (Figure 8A).
All three groups experienced statistically significant increases in both negative activating and
negative deactivating emotions (e.g., disappointment) after the practice trials, although these
differences only persisted for group 3 after the realistic task (Figure 8B-C). Post-hoc pairwise
comparisons for cognitive load indicated that group 3 had a significantly higher intrinsic
cognitive load compared to group 1 (mean difference, 0.56 [95% CI, 0.18 to 0.94]; P =0.02). No

differences in extraneous or germane cognitive load were found (Figure 8D).

DISCUSSION

To the authors’ knowledge, this RCT is the first study that assesses the pedagogical utility
of augmenting personalized expert instruction with Al error data to improve surgical training.
Intelligent tutors that provide action-oriented feedback for assessment, coaching, and risk

mitigation are adaptable to any surgical or technical specialty dependent on bimanual
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psychomotor expertise.!%!” The main challenge in incorporating these technologies in surgical
education paradigms is harnessing both the human instructor’s expertise and the Al platform’s
real-time data processing to maximize student engagement and learning.!®!”

Consistent with our hypothesis, the findings of this RCT demonstrate that Al-augmented
personalized expert instruction yields improved surgical performance and skill transfer compared
with Al tutor instruction. The expert instruction group exhibited results superior to Al tutor
instruction but inferior to Al-augmented personalized expert instruction and failed to
significantly improve skill transfer. The ICEMS’s capacity to supply quantitative data on
individual risk assessment and coaching metrics facilitates the understanding of these results by
providing explainability and transparency.’8-%* The ICEMS was developed using a long short-
term memory network trained on performance data from experts (neurosurgeons) and novices
(medical students).!¢ Its algorithm primarily uses risk assessment metrics to calculate composite
scores with a secondary focus on coaching metrics.!® The instructor’s capacity to continuously
modify individual feedback based on Al data in the Al-augmented personalized expert
instruction group was shown to be particularly beneficial for risk mitigation. The expert
instruction group’s outperformance of the Al instruction group in some trials suggests that the
mere presence of a human instructor using identical words to the ICEMS may play a role in
improved student engagement.®® Other human factors, such as non-verbal cues and adaptive
communication, may also influence student learning outcomes, but this requires further
investigation.!%1! During summative assessment trial 6, the personalized expert instruction
group significantly outperformed the Al instruction group in bleeding and injury risk. However,

no statistically significant between-group differences were found in the ICEMS composite scores
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in this trial. This may be attributed to learner fatigue. Future studies should evaluate the mental
fatigue of participants via self-report questionnaires.

A previous RCT conducted at our lab involving ICEMS tutoring was unable to
demonstrate statistically significant between-group differences during the realistic task.!® In this
study, we provide evidence that Al-augmented personalized expert instruction more effectively
improves skill transfer to a realistic scenario than Al tutor instruction and expert instruction.
Studies assessing whether this finding holds true for skill transfer from VR simulation to more
realistic OR environments using ex vivo animal models are in development.#3-102-104

Unlike other RCTs conducted at our centre,'®8 this investigation did not include post-hoc
instruction but resulted in equivalent increases in ICEMS expertise scores. In this RCT,
continuous intraoperative action-directed feedback based on quantitative Al data was a critical
determinant of learning. The impact of intraoperative combined with post-hoc instruction in
simulation curriculum design needs further assessment.

Our secondary hypothesis is not supported by the results. All three groups experienced
significant increases in negative deactivating emotions, such as disappointment, during the trial.
Post-trial levels of negative activating emotions such as fear were significantly greater in the
personalized expert instruction group compared with the Al instruction group, highlighting their
potential role in supporting learning in this context.?%3° The personalized expert instruction
group had significantly higher intrinsic cognitive load than the Al instruction group, indicating
increased mental effort required to understand the complexity of the variable instructions.*!:19
Research focused on negative activating emotions and cognitive load may help optimize learning

with intelligent tutors.
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Consistent with tenets of learning theory,3+86

providing human instructors with
quantitative Al performance data and allowing them to use their expertise to tailor and
contextualize feedback leads to improved learning. Increased intraoperative educator-student
engagement in this learning paradigm based on quantitative learner performance data may be the
critical element explaining our findings. This RCT and our cross-over study®? results suggest that
the optimization of surgical curricula designed to improve technical skill acquisition would
involve experts initially providing critical context to operative procedure goals. In subsequent
training sessions, educators would then leverage quantitative Al error data to deliver action-
oriented feedback. This study helps provide pathways toward the overarching goal of creating an

intelligent operating room using intraoperative intelligent tutoring systems capable of assessing

and training learners while minimizing errors during human surgical procedures.

LIMITATIONS

Intelligent tutoring systems on VR simulation platforms do not encompass the full range
of competencies involved in the dynamic interplay between trainee and educator in the operating
room.”” Our study involved small cohorts of medical students with minimal surgical experience
from only four institutions, limiting the generalizability of the results to other groups of learners.
However, understanding how medical students can achieve Al-derived benchmarks of more
advanced learners has offered insights into the optimization of surgical intelligent tutoring
systems.!6-18:6883 Finally, the applicability of these results to human surgical environments was

beyond the scope of this research project but requires further investigation.

CONCLUSION
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In this randomized controlled trial, Al-augmented personalized expert instruction resulted
in superior surgical performance and skill transfer compared with Al tutor instruction. These
findings highlight the importance of human input and active participation in Al-based surgical
training and provide an investigative platform for the further integration of intelligent tutoring

systems in novel student-centred surgical curricula.
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THESIS SUMMARY
Discussion

To determine the effect of Al-augmented personalized expert instruction versus
intelligent tutoring on surgical skill acquisition during simulation training, a parallel-design
single-blinded randomized controlled trial was conducted with 88 participants from four Quebec
medical schools. Participants performed subpial resection tasks on the NeuroVR simulator and
received one of three educational interventions based on their group assignment. Participants’
simulated surgical performance, technical skill acquisition, and skill transfer, as well as their
emotions and cognitive load, were measured.

In this study, consistent with our hypothesis, Al-augmented personalized expert
instruction resulted in superior surgical performance, technical skill acquisition, skill transfer
compared with Al tutor instruction and expert instruction. The personalized expert instruction
group achieved significantly higher composite expertise scores than the Al tutor instruction
group in trials 4 and 5 and the expert instruction group in trial 5 (Figure 6A). These differences
did not remain significant in the summative assessment (trial 6), which may reflect fatigue
experienced by learners, although this requires further investigation. Al-augmented personalized
expert instruction was particularly effective at improving safety outcomes, yielding lower
bleeding risk and healthy tissue injury risk relative to the other two groups (Figure 6B-C). The
only metric that did not demonstrate any statistically significant between-group differences is
bipolar force application (Figure 6E). This may be due to the calculation method for this metric,
which aggregates both high and low force values, potentially obscuring differences at either
extreme. Moreover, while the scores of all three groups significantly improved from baseline

across multiple trials and metrics, the personalized expert instruction group exhibited the most



40

consistent improvement (Figure 6A-F). The personalized expert instruction group’s significant
outperformance of both other groups during the realistic task highlights that this instructional
methodology resulted in not only effective learning but also superior skill transfer to a more
realistic scenario (Figure 7A). These results are in accordance with adult learning theories, which
postulate that personalized and contextualized learning are associated with improved learning
outcomes.3#8¢ Whereas the Al tutor instruction and expert instruction groups received general
metric-specific commands in response to errors (Table 1), the personalized expert instruction
group was provided with more detailed explanations and tailored feedback aligned with each
learner’s manipulations.

In a post-trial questionnaire, participants were asked to indicate their preferred
instructional modality for learning surgical technical skills: independently without feedback, with
feedback from a human instructor, with feedback from an intelligent tutoring system, or with
feedback from both a human instructor and an intelligent tutoring system. Among 87
respondents, 70 (80.5%) expressed a preference for receiving feedback from both sources. These
results reinforce the notion that combining intelligent tutoring and human expert instruction may
result in optimal learning outcomes.

Both the Al tutor instruction and expert instruction groups received the same instructional
commands, with the sole difference being the presence of a human instructor in the latter.
Nonetheless, the expert instruction group significantly outperformed the Al tutor instruction
group during practice trial 5 (Figure 6A). Potential explanations for this outcome include
increased engagement associated with human-led instruction,” lack of trust in Al systems,!% and
the influence of human factors such as adaptive communication and non-verbal cues.!%1%! This

should be investigated further in future studies.
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Contrary to our hypothesis, intelligent tutoring did not result in higher levels of negative
emotions and cognitive load among participants compared with human expert tutoring. In fact,
the Al-augmented personalized expert instruction group reported significantly stronger negative
activating emotions after the trial than the Al tutor instruction group—a difference largely driven
by elevated levels of fear (Figure 8B). The personalized expert instruction group also
experienced significantly higher levels of intrinsic cognitive load than the Al tutor instruction
group (Figure 8D). This suggests that the former perceived the learning material as more

complex,*!:105

potentially attributable to the human educator’s ability to dynamically modify
instructional commands and provide contextual explanations of the operative procedure.
Students in their preparatory, first, or second year of medical school who participated in this
study were relatively inexperienced and had minimal surgical experience. According to cognitive
load theory, experienced learners expend fewer cognitive resources than novices because their
stronger knowledge base reduces the amount of new information they need to process.!?’
Consequently, the significant differences in intrinsic load observed in this study may not have
emerged with a group of more experienced participants.

In a previous RCT conducted at our centre, expert instructors were not provided with Al
performance data and relied on qualitative observation when teaching surgical technical skills
during simulation training.'® As a result, the Al-tutored group significantly outperformed the
expert-tutored group.!® In contrast, findings from the present study indicate that the personalized
expert instruction group—where educators tailored their feedback according to real-time Al error
data—significantly outperformed the Al-tutored group. This reversal underscores the value of

quantitative performance assessments in surgical training. Residency programs stand to benefit

from implementing Al-driven quantitative performance assessment methods, which may



streamline the development of surgical technical skills and support trainees on their path to

mastery.
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Limitations and Future Directions

It is important to acknowledge that this study focuses on only one aspect of surgical
competence: technical expertise. In practice, surgical competence spans multiple other
competencies including leadership, communication, and clinical decision-making. Future studies
should incorporate non-technical skills training to better approximate the many dimensions
involved in real human surgical procedures. In addition, although the NeuroVR is a high-fidelity
simulator that has shown face, content, and construct validity,? virtual reality surgical simulators
cannot fully emulate the experience of manipulating biological tissues.”” Other types of
simulators like ex vivo animal models* can act as intermediaries to mediate skill transfer from
VR to real-world clinical environments.

The use of voluntary sampling introduces potential bias: given that participants were self-
selected, highly motivated, and expressed an interest in surgical disciplines, the sample obtained
may not be representative of the target population. Furthermore, participants were students in
their preparatory, first, or second year of medical school from institutions in Quebec, with
minimal surgical experience. This limits the generalizability of these results to more advanced
learners (e.g., residents) or to students from institutions in other provinces or countries. Despite
these limitations, the rationale behind the inclusion of junior medical students is that they exhibit
a steeper learning trajectory than intermediate or expert performers, making it easier to detect
trends in their learning curves. Nevertheless, the overarching aim of this study and similar
investigations is to inform the implementation of structured surgical simulation curricula within
residency programs. Studies involving neurosurgical residents should be conducted to determine
whether the educational methodologies employed in the present study effectively support

learning at the residency level. However, with the limited numbers of available residents, it may
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not be possible to achieve sufficient power to detect statistically significant differences between
groups unless large numbers of training centres have access to both the simulator and the
intelligent tutoring system used in this study. Many study participants also reported that English
was not their first language. With 54% of participants enrolled in a French-language institution,
one way to address this limitation would be to offer the option of completing the trial in French.

Future research should focus on optimizing the integration of quantitative Al error data
and personalized expert instruction in the training of surgical procedures. All instructions
provided by experts during the present study were recorded. This will enable the incorporation of
a library of personalized instructions within the ICEMS to more closely replicate the adaptive,
individualized nature of one-on-one human expert instruction. These personalized instructions
can be assessed in randomized controlled trials to determine their effectiveness in enhancing
current training methodologies. To advance toward the wider objective of improving patient
safety, incorporating intelligent tutoring systems into ex vivo simulation models would facilitate
the development of an ICEMS-equipped operating room. Such a system would allow educators
to deliver Al-augmented instruction in more realistic operative scenarios and evaluate the

applicability of findings from prior simulation-based investigations.
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Conclusion

In this randomized controlled trial, Al-augmented personalized expert instruction resulted
in improved surgical performance, technical skill acquisition, and skill transfer compared with Al
tutor instruction. These findings highlight the importance of human input and active participation
in Al-based surgical training and provide an investigative platform for the integration of
intelligent tutoring systems in novel student-centred surgical curricula. This study also
contributes to the broader goal of creating an intelligent operating room. This optimized
educational environment—combining the knowledge of expert surgical educators and the
quantitative error detection capabilities of intelligent tutoring systems—will enable
intraoperative learner assessment and training, ultimately minimizing errors during human

surgical procedures and improving patient outcomes.
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TABLES
Table 1. ICEMS Metrics and Commands
Metric ICEMS Command
1. Healthy Tissue Injury Risk “Try to avoid damaging the healthy brain
surrounding the tumor.”
2. Bleeding Risk “Careful control of bleeding will improve
your performance.”
3. Instrument Tip Separation Distance “Keeping your instruments closer together
will improve your performance.”
4. High Bipolar Force Application “Try to decrease the amount of force you are
applying with your bipolar.”
5. Low Bipolar Force Application “You can improve your performance by
applying more force with your bipolar.”
6. High Aspirator Force Application “Try to decrease the amount of force you are

applying with your aspirator.”

Metrics and their corresponding commands are in hierarchical order. The commands in the right column are the
instructions that groups 1 and 2 received when an error was detected in their performance. Abbreviations: ICEMS,

Intelligent Continuous Expertise Monitoring System.




Table 2. Demographic Characteristics of Included Study Participants
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Characteristic Group 1 Group 2 Group 3 All participants
Al tutor Expert Personalized (n=287)
instruction instruction expert
(n=30) (n=29) instruction

(n=28)

Age, mean (SD) 21.8(2.4) 22.6 (4.4) 23.9 (4.8) 22.7 (4.0)

Sex

Female 18 16 12 46

Male 12 13 15 40

Prefer not to say 0 0 1 1

Gender

Woman 18 16 12 46

Man 12 13 15 40

Prefer not to say 0 0 1 1

Undergraduate medical

training level

Preparatory 9 8 8 25

First 15 14 13 42

Second 6 7 7 20

Institution

McGill University 11 15 14 40

Université de Montréal 12 7 6 25

Université de Sherbrooke 4 6 7 17

Université Laval 3 1 1 5

Handedness

Right 28 25 24 77

Left 2 3 4 9

Ambidextrous 0 1 0 1

Interest in pursuing surgery, 4.0 (0.9) 4.1 (1.0) 3.9(1.0) 4.0 (1.0)

mean (SD)*

Completed surgical

rotation/clerkship/shadowing

Yes 12 10 11 33

No 18 19 17 54

Plays video games

Yes 8 9 13 30

No 22 20 15 57

Played musical instruments

in last S yrs

Yes 9 9 13 30

No 21 20 15 56

Participated in activities that

require hand dexterity

Yes 8 12 11 31

No 22 17 17 56

Previously used VR surgical

simulation

Yes 1 2 5 8

No 29 27 23 79

Abbreviations: Al, artificial intelligence; SD, standard deviation; VR, virtual reality.
* Measured using a 5-point Likert scale with 1 indicating less interest and 5 indicating more interest.
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Figure 1. The Medical Emotions Scale
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Adapted from Duffy et al.*” X-axis represents valence and Y-axis represents activation. Two emotions (neutrality and

surprise) were excluded from analysis as they do not have valence.
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Figure 2. NeuroVR Practice Subpial Tumour Resection Scenario

(A) Start of the practice subpial resection simulation scenario. Yellow section represents the tumour and white
represents healthy tissue. Instrument on the left is the bipolar forceps and instrument on the right is the ultrasonic
aspirator. (B) Participant uses the bipolar to lift the pia and the aspirator to resect the underlying tumour. (C)
Appearance following resection of the superficial tumour. Yellow tissue remaining depicts deeper tumour areas. (D)
Participant exposes the simulated deep cerebral vessel (red). (E) Participant cauterizes a bleeding point using the
bipolar. (F) Complete resection of the tumour.
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pial Tumour Resection Scenario
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Figure 3. NeuroVR Reastic ub
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(A) Start of the realistic subpial resection simulation scenario. Off-white tissue represents the tumour. Instrument on
the left is the bipolar forceps and instrument on the right is the ultrasonic aspirator. (B) Participant is using the
bipolar to lift the pia and the aspirator to resect the underlying tumour. (C) Participant causes minor bleeding from
the tumour while using the aspirator. (D) Participant cauterizes a bleeding point using the bipolar. (E) Participant
causes significant bleeding by damaging the healthy tissue. (F) Complete resection of the tumour.



66

Figure 4. Participant Recruitment Flowchart
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Abbreviations: Al, artificial intelligence.



Figure 5. Flow Chart of Events in Randomized Controlled Trial
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Figure 6. Performance Assessment Across Practice Trials
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ICEMS composite expertise scores and five performance metrics across all practice trials. Groups are colour coded
(see legend). X-axis represents the trial number and Y-axis represents the composite or metric score calculated by
the ICEMS. Points represent group means and vertical bars represent standard errors. Black horizontal brackets
indicate statistically significant differences between groups (P < 0.05) during a given trial. Asterisks indicate
statistically significant differences from the baseline (P < 0.05) for that group. Error bars represent standard errors.
Abbreviations: ICEMS, Intelligent Continuous Expertise Monitoring System; Al, artificial intelligence.
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Figure 7. Performance Assessment During Realistic Task
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ICEMS composite expertise scores and five performance metrics during realistic task. X-axis represents the group
and Y-axis represents the composite or metric score calculated by the ICEMS. Colored bars represent group means
and vertical bars represent standard errors. Black horizontal brackets indicate statistically significant differences
between groups (P < 0.05) during the realistic task. Error bars represent standard errors. Abbreviations: ICEMS,
Intelligent Continuous Expertise Monitoring System.
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Figure 8. Emotions and Cognitive Load Throughout Simulation Training
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Groups are colour coded (see legend). Y-axis represents the Medical Emotions Scale or Cognitive Load Index score.
Black horizontal brackets indicate statistically significant differences between groups (P < 0.05). Asterisks indicate
statistically significant differences from the baseline (P < 0.05) for that group. Error bars represent standard errors.
(A) Positive deactivating emotions include relaxation and relief, (B) negative activating emotions include frustration
and fear, (C) negative deactivating emotions include disappointment and boredom. (D) Cognitive load consists of
intrinsic, extraneous, and germane load. Abbreviations: Al, artificial intelligence.



