Transformer-based intelligent tutoring system for surgical training optimization

Abicumaran Uthamacumaran, BSc

=

McGill

Department of Surgical and Interventional Sciences
Faculty of Medicine and Health Sciences
McGill University
Montreal, Canada

June 2026

A thesis submitted to McGill University in partial fulfillment of the requirements of the degree of

Master of Science.
Supervised by Dr. Rolando F. Del Maestro

©Abicumaran Uthamacumaran 2026



TABLE OF CONTENTS

ADSTIACT. ...ttt ettt ettt et naees 4
RESUIME ...ttt ettt e sb e st e sbt e et e bt e saneenaneeas 4-5
ACKNOWIEAZEIMENLS ........c.eiiiiiiiiiiiiiiiie et ettt e sttt e s aae e e bae e sebaeesnbeeenans 5-6
AUthor ContribUTIONS ...........cooiiiiiiii et 6-7
ADDIEVIALIONS ......oooiiiiiiiiiiiii ettt sttt e 7-8
Thesis INtrodUCtiON ..............ooiiiiiiiiii e 9-12
BaCKGroUNd ............oooiiiiiiiii e ettt e eebeeenaaee s 12-30
From Apprenticeship to Quantitative Surgical Training............ccceeevververcvieneeenreenvennnnnn 12-14
Simulation Training in Surgical EQUCation...........c.ccoceviiiiniiniiniiiiiccceccecee 14-15
Neurosurgical SImulation Tralning.......ccccecveeeereriieniinieeeee e 15-16
The Subpial Resection Technique: A Model Task for Bimanual Skill Assessment......... 16-18
Ex Vivo Calf Brain Models in Neurosurgical Education..........c..ccoceevevieniincniencenennne. 18-19
Validation Framework for EV-ICEMS ..o 19-20
Performance Assessment Methods in Surgical Education........c...cccecevveniininicncnnennne. 21-22
Intelligent TUtOTING SYSTEMS .....eeuviruiiriiiiiriieieetertt ettt 22-24
Deep Learning Rationale: LSTM, Transformers, and Hybrid Models ..............cccc.e....... 24-28
Toward the Intelligent Operating Room: EV-ICEMS as the Bridge..........cccccecveviienneenn. 28-30
The Study ODJECTIVES ........ooiiiiiiiiiie ettt et st e st e e e e 31
The Study HyPOthesis............c.oooiiiiiiiiii e 31
THE STUAY ..o ettt et sab e e st e et e e sabeeenabeeenanee s 32-49
ADSIIACE ...ttt ettt et h et et sb e e es 33-34
INEEOAUCTION ...ttt et ettt 34-36



DISCUSSION ...ttt ettt et et e b e et e bt e sab e e bt e ea bt e beesabeenbeeenbeenseesneean 40-43
LAMIEALIONS ...ttt ettt et e st b e et e bt e st e e bt e enbeesaeeeaneas 43-44
CONCIUSION ..ttt ettt et et e b et e et e e s ae e e bt e saeeenbeesseeenbeenneeenne 44
IMEEEROMS. ...ttt et st ettt et st ena e e b neeeatean 45-49
TRESIS SUMIMATY ...ttt e e e e et e e e e s tte e e e esaseeeeenasaeesesnnsneesannes 50-58
DISCUSSION ...ttt ettt et e st e bt e e st e bt e sab e e bt e eabe e beesateebeeenbeenseeeneean 50-53
Limitations and Future DIr€CtioNnS ..........cceeouieriieiiiiniieiiieiie et 54-58
L010331e] 11 R 101 TSRS URURPRP 58
REfEIENCES ...ttt st 59-74
Tables and FiGUIes ...........coooiiiiiiiii et 75-80
21 o) (T OSSR U SRR 75
TADLE 2.ttt ettt ettt et et e et e nte e beeeaeeeane 76
FIGUIE 1 oottt ettt et b et st sb et ebt e bt et 77
FIGUIE 2 .ottt ettt ettt sbe et ebt e b b 78
FIGUIE 3 ..ttt ettt et st e sae e st e be e et enaeesaneens 79
FIGUIC 4 ..ottt sttt et b et st sbe et et b et 80
Appendix A - The Study Supplementary Information.............cocooeeviniinnnininnnncee 81-94
Appendix B — Filters ANalySis .....c.ccooiiiiiiiiniiiieiiiieeeeece et 95-96
Appendix C — Neural Network Architecture, Weights, and Feature Analysis..........c..c....... 97-98



ABSTRACT

Translation of intelligent tutoring systems to operative settings remains challenging due to the
sequential nature of procedures and data limitation. The deep learning architecture which best
optimizes improvement of these educational systems for surgical training remains unknown. This
investigation therefore evaluated Long Short-Term Memory (LSTM) networks, Transformers,
and hybrid architectures to develop individual calf brain Ex Vivo Intelligent Continuous
Expertise Monitoring Systems (EV-ICEMS). This case series study included 47 participants,
novices, junior and senior residents/fellows along with neurosurgeons who performed three
subpial ex vivo corticectomies on the calf brain model. Primary outcomes included composite
expertise scores (—1.00 [novice] to 1.00 [expert]) and assessment of each model’s construct and
predictive validity. The Transformer and LSTM-Transformer demonstrated better construct
validity than other architectures but only the Transformer differentiated seniors from juniors
(mean difference, 0.59; 95% CI, 0.23 to 0.96; P = .004). The Transformer demonstrated superior
predictive validity (R? = 0.424; MSE = 0.168; MAE = 0.365) with the steepest score-year slope
(0.150; 95% CI, 0.074 to 0.225). This study outlines a deep learning methodology to differentiate
surgical expertise levels and optimize the development of intelligent tutoring systems for surgical

training in realistic operative environments.

RESUME

La traduction des systémes de tutorat intelligent vers des environnements opératoires reste
difficile en raison de la nature séquentielle des procédures et des limitations des données.
L'architecture d'apprentissage profond qui optimise le mieux ces systémes éducatifs pour la

formation chirurgicale reste inconnue. Cette investigation a donc évalué les réseaux a mémoire a



long et court terme (LSTM), les Transformeurs, et les architectures hybrides afin de développer
des Systemes Individuels de Surveillance Continue de I'Expertise Ex Vivo sur cerveau de veau
(EV-ICEMNS). Cette étude de série de cas a inclus 47 participants, soit des novices, des
résidents/fellows juniors et seniors ainsi que des neurochirurgiens qui ont effectué trois
corticectomies sous-piales ex vivo sur un modele de cerveau de veau. Les critéres de jugement
principaux comprenaient les scores composites d'expertise (—1,00 [novice] a 1,00 [expert]) et
1'évaluation de la validité de construit et la validité prédictive de chaque modg¢le. Le
Transformeur et le LSTM-Transformeur ont démontré une meilleure validité de construit que les
autres architectures, mais seul le Transformeur différenciait les seniors des juniors (différence
moyenne, 0,59 ; IC a 95 %, 0,23 2 0,96 ; P =0,004). Le Transformeur a démontré une validité
prédictive supérieure (R = 0,424 ; MSE = 0,168 ; MAE = 0,365) avec la pente score-années
d’expérience la plus prononcée (0,150 ; IC a 95 %, 0,074 a 0,225). Cette étude décrit une
méthodologie d'apprentissage profond pour différencier les niveaux d'expertise chirurgicale et
optimiser le développement de systemes de tutorat intelligent pour la formation chirurgicale dans

des environnements opératoires réalistes.
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THESIS INTRODUCTION

In surgery, technical skill performance is a critical determinant of patient safety, recovery, and
quality of life.!> This complex relationship is especially unforgiving in neurosurgery, wherein
small deviations in instrument trajectory, coordination, or tissue handling can lead to lifelong
health consequences, suffering and mortality.>> For this reason, technical skill acquisition and
evaluation among surgical trainees is a central safety concern with the purpose of surgical

education to mitigate surgical errors.!”

Traditional surgical training has long relied on supervised participation in patient care, with
accountability increasing as trainees demonstrate clinical readiness.®!'? Surgical curricula remain
poorly standardized across programs, with differential exposure to surgical procedures
determined by case availability, and the operating room (OR) is a stressful and challenging
educational environment for novice learners, limiting deliberate practice.!'"!> Competency-based
medical education (CBME) frameworks and assessment tools such as the Objective Structured
Assessment of Technical Skills (OSATS) and entrustable professional activities (EPAs) are
widely used standards for expertise evaluation.'*?* Thus, much technical assessment still relies
on episodic, qualitative, and subjective observations vulnerable to inter-rater variability rather

than continuous quantitative evidence.'4>*

Parallel advances in virtual reality (VR)-powered simulation and surgical Al have created a
robust quantitative assessment paradigm in which operative performance can be recorded and
analyzed as high-resolution behavioral data.?>-* Prior work from our group established that
intelligent tutoring systems, deep-learning-driven pedagogical platforms that continuously assess
operative performance and deliver real-time, coachable verbal feedback with performance

metric-derived scoring, can improve bimanual psychomotor skills learning in VR outperforming
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teaching by human expert instructors.?>° The Intelligent Continuous Expertise Monitoring
System (ICEMS), a Long Short-Term Memory (LSTM)-based deep learning system that assesses
surgical performance at 0.2-second intervals and delivers continuous expertise scores with
personalized Al-guided feedback, is one such platform.?®2° Through a series of randomized
controlled trials (RCTs) and crossover studies, ICEMS has provided strong evidence that Al-
derived performance data can improve surgical simulation training, when integrated with expert

instruction.?”?

The next translational step is to develop, test and validate the ICEMS into more biologically
realistic operative conditions.>**> VR remains constrained by simulated physics and therefore
cannot fully replicate the haptic, kinematic, and instrument-handling demands of real operative
tissue environments.>*3> Ex vivo calf brain models developed by our group provide a
deliberately intermediate platform that preserves biological tissue fidelity with anatomical
realism, permits use of real operative instruments (microscissors, bipolar forceps, and ultrasonic
aspirator), and supports continuous fiducial-based instrument tracking, while retaining a safer,
reproducible, and more standardized than patient-based training.**-** These platforms are
positioned to develop a bridge between VR simulation and the eventual development of an
“intelligent OR” capable of continuous intraoperative assessment, real-time monitoring as early

warning prediction systems, and error mitigation.*3>

The major question in this area concerns model architecture.’**? The original VR-based ICEMS
employed an LSTM network, which is well suited to modelling local and sequential
dependencies in time-series performance data.*®* However, it may not optimally capture the
long-range, global relationships between multiple instruments acting in coordination during a

complex operative procedure.**!**> Transformer architectures now form the foundation of many
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state-of-the-art Al systems, including large language models and chatbots, use attention
mechanisms to evaluate relationships across sequences in parallel. These mechanisms explicitly
model long-range temporal dependencies and higher-order interdependencies emerging from
complex interactions.*®*” Transformers underpin contemporary foundation models, that is, large
models pre-trained on massive datasets and subsequently adapted to specific tasks. For instance,
SurgVISTA is a self-supervised surgical video foundation model pre-trained on millions of
surgical frames to learn transferable representations, which were then adapted and evaluated
across diverse surgical tasks, including phase recognition, workflow understanding, action
recognition, and surgical skill assessment.* Transformers have also begun to demonstrate
advantages over LSTM-based architectures in medical Al tasks where contextual information,
data scale, and global structure are critical.>’**** However, it remains uncertain whether
recurrent LSTM architectures, which have shown strong performance in VR-based intelligent
tutoring systems, remain optimal for modeling the greater complexity and emergent behavioral
dynamics of multi-instrument coordination in performance data from a realistic ex vivo

setting >4+3642

We therefore hypothesized that a Transformer, with its capacity for parallel processing and
explicit modelling of long-range temporal relationships, may confer architectural advantages in
this context. Whether a Transformer, an LSTM, or a hybrid combination of the two best supports

an intelligent tutoring system trained on an ex vivo calf brain model has never been tested.3*36-4>

This thesis addresses these knowledge problems.**¢? Using kinematic data from an ex vivo
calf brain subpial corticectomy model, the work develops Ex vivo-ICEMS (EV-ICEMS) and
compares LSTM, Transformer, and hybrid architectures under a common evaluation

framework.*¢*? To empirically test this hypothesis, this study evaluates, for each model, whether
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model-derived expertise composite scores separate training groups (i.e., construct validity) and
generalize to unseen participants across training years (i.e., predictive validity) to support their
use as objective performance measures.***’ These findings help inform how intelligent tutoring
systems can be built for realistic surgical training environments. They also support the long-term
goal of developing an intelligent operating room that can continuously assess surgical skill,

monitor performance, and help mitigate errors during procedures.*->

BACKGROUND
From Apprenticeship to Quantitative Surgical Training

Modern surgical training traces its origin to the residency program established by William
Stewart Halsted at Johns Hopkins Hospital in 1890.8 His paradigm advanced surgical education
from passive observation to supervised practice to instruction, catalyzing widespread global

adoption, and it remains the structural backbone of contemporary surgical education.®!°

The limitations of this pedagogical framework are now well characterized.!!"!>%3 As operative
exposure depends on the clinical availability of patients, surgical curricula and training
experiences vary substantially across residency programs.'!"13* This limits clinical preparedness
for real-life complexity, risks, and uncertainty. The OR compounds this problem as its primary
obligation is patient-centered care and safety, not deliberate practice, teaching, or risk-free
failure, wherein most resilience and learning develop. Reduced operative time, duty-hour
restrictions, and expanding team-based responsibilities further compress opportunity windows

for hands-on procedural skill acquisition.'!-->?
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Neurosurgery represents one of the most technically demanding and highest-risk specialties in
surgical education.>!'*!%!7 The brain, the most advanced complex system known to humankind,
is a multilayered network of fragile and sensitive structures, spanning vascular architecture to the
intricate highways of the neural connectome, creating multiscale risks for surgical error.>!'®!”
Prospective data report substantial adversity rates, with nearly one-fifth emerging from
procedural complications, underscoring the vulnerability of this patient population.>* Such
events include neurological deficits, infections, hemorrhages, and the need for revision surgery,
each with long-term consequences.>*!* Accordingly, neurosurgical technical performance is a
critical determinant of patient outcomes, influencing perioperative mortality, long-term disability,
quality of life, and healthcare system burden.?>!%!7 Even minor technical deviations, such as a
millimetre of resection margin, improper tissue handling or vessel preservation, can result in
poorer prognosis or lasting functional impairment.>>!%!7 For instance, in tumor resection,
epilepsy surgery, and neurovascular interventions, timely and precise surgery improves quality of
life and long-term survival and, when combined with adjuvant therapies, reduces recurrence,

disease progression, and adversities such as rebleeding or stroke.*3--43>

CBME emerged as a solution framework in response to the variability of apprenticeship-based
training.'*! In Canada, the Royal College of Physicians and Surgeons of Canada implemented
this transition through EPAs, which specify the clinical goals or tasks trainees must demonstrate
competence in prior to surgical practice.'*!® However, CBME remains entwined with some of
the very limitations it emerged to address, including the use of tools such as OSATS and
narrative assessments, which can remain qualitative, subjective, and prone to systemic biases or

power inequities.!”**2* The unmet need and what this thesis advocates for, are objective, data-
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driven precision systems that complement and extend CBME capable of continuous,

reproducible and standardized technical-skill quantification in surgical training.?*->*

Simulation Training in Surgical Education

In surgical education, simulation offers what the OR cannot: the ability to make and correct
errors without harming patients, refine procedural skills, and adaptive learning against well-
defined objectives without the consequences of real-world mistakes.’*** Simulation platforms
span across biologically realistic systems (e.g., cadaveric, in vivo animal models, ex vivo animal

tissue) and synthetic platforms (e.g., 3D-printed, VR, and augmented reality [AR]).>¢-¢!

Synthetic simulators are affordable, accessible, and portable risk-free settings allowing

repetition, but generally trade-off realism and are constrained in procedural complexity.’®% VR
simulators are at the heart of contemporary surgical education, combining multi-sensory (visual,
auditory, and, increasingly, haptic) feedback to immerse the trainee with autonomous capture of

large quantities of performance data.*-%*

VR's core advantage in surgical education is data-driven: every aspect of a trainee's performance,
such as instrument trajectory, kinematic and force profiles, volume of blood loss, extent of tissue
injury, and other safety-oriented metrics, is recorded as a quantitative time-series for
computational analyses.>’>**%* Simulation-based training is grounded in deliberate practice,
involving systematic, repetitive performance with personalized feedback, and in experiential
learning theory.!>%%-¢5 Contemporary work expands this to include embodied affective and
cognitive dimensions, as emotional regulation and cognitive load show how instruction, task
design, and the learning environment influence performance.®**® From a biopsychosocial-

cultural model of medicine, the trainee, educator, and learning environment can be viewed as
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interacting components of a complex adaptive ecosystem.’® Tools such as the Medical Emotions
Scale (MES) and Cognitive Load Index (CLI) have been incorporated into recent simulation
RCTs to characterize these multiscale dimensions as causal co-predictors of technical

performance. 67!

A prospective blinded controlled trial demonstrated that laparoscopic skills acquired on a VR
simulator transferred to improved performance on a real-world laparoscopic cholecystectomy,
supporting the broader body of evidence that VR-based skill acquisition can translate to real
operative performance.’? This transfer of skill has been extended to neurosurgery, where
simulator-trained residents demonstrated improved performance in live ventriculostomy
procedures and endoscopic endonasal surgery compared to untrained controls.”>’* Our group’s
RCT demonstrates that VR-based surgical training not only improves simulated performance but
transfers to summative and more complex tasks, with Al-augmented personalized instruction

achieving significantly higher expertise scores in the realistic resection scenario. 23

Despite their strengths, VR simulators have an irreducible limitation: they do not use the actual
operative instruments and cannot fully replicate the real-world procedural complexity and tactile
properties of biological tissue.**-° This limitation is the direct motivation for ex vivo models,

which occupy the transitional bridge between VR and the actual OR environment.?3-3%73

Neurosurgical Simulation Training

Neurosurgical education may benefit from simulation training as procedures are technically
complex, the cost of error is high, and supervised practice or operative exposure remains
limited.”®%° Our group has contributed to the development and validation of multiple

neurosurgical simulation platforms, including NeuroVR (CAE Healthcare, Montreal, Canada)
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and ex vivo calf brain models.26-2%33-33647581.82 The NeuroVR is a high-fidelity VR simulator
that serves as a major data-driven platform for this research program. 262%6% It enables continuous
performance-data capture from simulated scenarios, including the subpial tumor resection task
central to the RCTs validating ICEMS and its predecessor, the Virtual Operative Assistant
(VOA). 5730648182 The platform recreates the microsurgical environment through stereoscopic
binocular microscope, with bipolar forceps and an ultrasonic aspirator mounted on haptic
interfaces for improving bimanual psychomotor skill acquisition and training, 2328648182
Instrument movements and surgical behaviors are captured at high temporal resolution and
continuously monitored. 2°2%6481:82 The platform has demonstrated face, content, and construct
validity as a surgical training tool. 228647682 Face validity assesses whether the model appears
realistic to users; content validity refers to whether experts judge the task and metrics to be
representative of the simulated surgical skill; construct validity refers to whether the model’s
ICEMS scores differentiate expertise groups; and predictive validity refers to whether model-

derived scores generalize to previously unseen performance data across training years, 23344547

However, translating intelligent tutoring systems beyond the NeuroVR requires a risk-free model
that uses real operative instruments on biological tissue while upholding patient safety. This
motivated the development of an ex vivo calf brain corticectomy model and, in parallel, steers
the present thesis — whether Al can teach technical skills in a realistic setting that more closely

resembles the human OR 33
The Subpial Resection Technique: A Model Task for Bimanual Skill Assessment

The subpial resection is a bimanual neurosurgical technique for the removal of pathological
cortical tissue central to brain tumors and epileptogenic foci, while preserving the pia mater and

minimizing injury to surrounding healthy tissue.’”®®! The technique was initially described by
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Penfield and Jasper in the context of epilepsy surgery and has since become a standard
procedural intervention in both epilepsy and tumor neurosurgery.®*-% The extent of resection is a
predictor of patient survival. For instance, in high-grade glioma, greater extent of supratotal

resection, has been associated with improved survival, 348586

The procedure involves the coordinated use of three instruments.**8%8! Microscissors are used to
make an initial incision of the pia.>*3%%! Bipolar forceps are used to gently elevate and hold the
pia from the underlying cortex and, in the operative setting, to cauterize small bleeding

vessels. 3881 A suction device or ultrasonic aspirator is used to resect the underlying
pathological tissue while preserving the elevated pia and surrounding structures, including
adjacent gyri, blood vessels, and the subcortical white matter at the depth of the resection
cavity.>*8%8! The targeted depth of white matter entry is pathology-dependent: epilepsy
procedures may follow a subpial plane around an epileptogenic focus, whereas tumor surgery
may require deeper or wider resection margins as determined by tumor infiltration, vasculature,
functional boundaries, and patient safety.>>**# In our present ex vivo model, the task was
standardized to three superficial subpial resection targets without the patient-level complexity.
Therefore, EV-ICEMS assessed instrument-motion patterns throughout the task, but did not
independently score white-matter depth, residual lesion, vascular injury, or tissue-safety
outcomes. In the OR and in VR simulators, the technique additionally involves careful control
and avoidance of vascular injury or bleeding. In ex vivo non-perfused models, bleeding is not
simulated, but the bimanual kinematic demands of pial elevation and subpial aspiration, as well
as the precisely timed and coordinated movements of the scissors and bipolar are

preserved 28,34,85,86
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Thus, subpial resection is an appropriate and reproducible learning task for EV-ICEMS
development because its core behaviors can be measured as teachable, motion-based kinematic
metrics: velocity, acceleration, jerk, and inter-instrument distance, that can be extracted from
instrument-tracking data and used as training input to the deep learning model.** Further, it
embodies a spectrum of emergent behavioral data such as tissue handling and dexterity, bimanual
coordination, regulation of force surrogates (as measured by the kinematics), and precise

spatiotemporal control of instruments with respect to delicate structures.?%-28-3482

Ex Vivo Calf Brain Models in Neurosurgical Education

Ex vivo animal brain models occupy the transitional space between VR simulators and live-
patient OR.%-* They allow the interaction of actual operative instruments with tissue biophysics,
preserving haptic feedback, anatomical realism, and mechano-tactile resistance.**3*%"-%8 Further,
they enable reproducibility, standardization, and the absence of patient risk unlike live-patient
surgery.>33+8788 Qur group has also published best-practice guidelines for the use of ex vivo

brain models in neurosurgical education,’*3487:88

The calf brain was chosen for our subpial resection model because it is morphologically similar
to the human pediatric brain, widely available, inexpensive, and anatomically suitable for
training microneurosurgical techniques. Almansouri and colleagues developed a calf brain
corticectomy model in which a fresh calf brain is positioned within a human skull replica with an
off-midline craniotomy and operated on under an OPMI Pico surgical microscope.** The
instruments are equipped with 3D-printed polylactic acid (PLA) mounts carrying fiducial
markers, enabling continuous real-time 3D tracking of each instrument via a dual-camera
infrared optical system (FusionTrack 500 / Polaris). Tracking data are streamed through the
PLUS/OpenlGTLink pipeline into 3D Slicer for acquisition and analysis. 37>
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This platform has demonstrated face and content validity in a case-series validation study
involving skilled neurosurgeons and fellows and less-skilled senior residents and fellows, with
median Likert scores of 6.0/7 and no significant differences between skilled and less-skilled
groups.>* The model was rated as highly appropriate for training the subpial resection technique,
and the authors recommended its integration into surgical curricula.’* The next step in validation
would be to establish the model’s construct and predictive validity, the core objectives of the

study presented in this thesis.*>*’

Ex vivo models have additional strategic importance for intelligent tutoring systems
development.®*3° VR-based intelligent tutoring systems such as ICEMS were trained on rich
performance data including simulated bleeding, simulated tissue injury, and force surrogates
derived from haptic handles — variables that are not available in a non-perfused ex vivo

model 2323464 The transition from VR to ex vivo thus requires the adoption of kinematic
performance metrics (velocity, acceleration, jerk, inter-instrument distance) as the primary
features on which an Al tutoring system must learn to discriminate expertise. Kinematic metrics
are transparent, universal across instruments and platforms, and do not depend on simulator-
specific physics engines. This common ground allows an AI model accurately trained on ex vivo
kinematic data to be a prerequisite and template for an intelligent tutoring system that will

eventually function in the human OR 20-28:33-35:44.90-93
Validation Framework for EV-ICEMS

A validation study asks whether a tool or system is fit for a particular purpose with a target
population.***” For EV-ICEMS, validity concerns whether the Al model-derived scores can
distinguish surgical expertise-based kinematic and behavioral patterns. Two validity frameworks

are in current use: a traditional framework, which entails discrete “types” of validity, and a
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unified contemporary framework in which validity is understood as a single argument from

multiple sources of evidence (Table 1).283445-47.94.95

The traditional framework organizes validity into various categories, namely face, content,
construct, and predictive validity components. Messick’s contemporary framework
reconceptualizes validity as an irreducible evidence-based framework. A model or tool's use for a

given purpose is valid to the extent that evidence supports that use.

This thesis adopts the traditional framework to describe the validity of the EV-ICEMS to
maintain continuity with our group’s prior ICEMS and simulation-validation studies.
Specifically, we assess its construct validity (the ability of a given deep learning architecture to
differentiate between the groups: novices, juniors, seniors, and experts, based on composite
expertise scores) and its predictive validity (the ability of the model to generalize to previously
unseen data). In this context, construct validity assigns value to the intended purpose and use of
the Al model while the predictive validity denotes whether the model-derived composite scores
can predict juniors and seniors across their years of training. This validity assessment allows
closure with prior work on the face and content validity of the ex vivo calf brain model and
direct comparison on the construct and predictive validity of the original VR-based ICEMS. The
findings of this thesis arguably also supply several sources of evidence within Messick's
contemporary lens: the input kinematic metrics represent test content grounded in expert
practice; the comparison of composite scores across training years supplies evidence of
relationship to other variables; and the objective of optimizing an intelligent tutoring system for

error mitigation encompasses consequences. 47949
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Performance Assessment Methods in Surgical Education

Assessment of surgical technical skill is central to competency-based training.!2>* OSATS
remains the primary rating tool, scoring trainee technical performance across seven distinct
behavioral domains using a five-point Likert scale.!”2%?! However, as discussed, OSATS and
similar measures of expertise like EPAs rely on qualitative human subjectivity.'*!”?* They do not
quantify safety, complex inter-instrumental dynamics, or the fine kinematic modulation of
bimanual coordination as pertaining to EV-ICEMS development. Inter-rater variability and
evaluator bias are well documented, and there are institutional and regional differences in
surgical practice questioning OSATS’ robustness.!”**>> EPAs benchmark what must be
demonstrated but do not resolve these assessment-reliability limitations.!*!%1%24 This necessitates
quantitative, evidence-based systems to complement subjective-based instruments like

OSATS 20,28,31,32,96-100

The emergence of Al has evolved how surgical competence is assessed, moving away from
OSATS toward decentralized, continuous, and quantitative frameworks.*!*>%° Supervised
machine learning (ML), a subset of Al models for data-driven pattern recognition, learning, and
prediction, trains on labelled examples of novice and expert performance to predict the expertise

from previously unseen (unlabelled) performance data.?!-3296-

The standard ML approach is feature-analysis, or metric extraction: a task-specific set of
performance metrics is derived from the tracking data, and a supervised ML model (such as an
artificial neural network) is trained to classify or regress expertise from these metrics. 313296100
Metric-based assessment has two main advantages. First, it is granular: a VR simulator can score

performance at high temporal resolution throughout the trial, producing a continuous

performance trajectory rather than a single end-of-trial score. 232%31:326482 Second, it is
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explainable: because the model output is derived from interpretable performance metrics,
educators and trainees can identify why a score was assigned and which specific behaviors
should be modified.?>*?%213? Explainability and hence, transparency, is a prerequisite for trust and
safety in surgical Al-based assessment and education, where “black box” Al systems are
ethically and practically untenable.?**!32529192 The ICEMS described in the next section is the
culmination of this line of work.?’-?*3132 This thesis addresses this problem by restricting EV-
ICEMS inputs to ten clinically interpretable, coachable kinematic metrics; validating model
outputs against expertise level and training year; and reporting tool-metric analyses, and feature
importance analyses, including attention-based salience and integrated-gradient attribution maps,
(see Appendix C) to show which instrument behaviors contributed to each model’s predictions at
the level of the neural network architectures rather than solely relying on the model’s machine

25.28,31.32.36,52.91.92 Thege explainability

learning performance metrics or predictive accuracy.
analyses quantify each input metric’s contribution to the model output and highlight what the
model learned within the neural-network representation, not merely how well it predicted

(Appendix C). Hence, the Al model is not presented as a “black-box” prediction machine, but

rather as an interpretable model whose output scores are read alongside the educationally

meaningful specific tool-metric patterns and group-level validity.
Intelligent Tutoring Systems

Intelligent tutoring systems are data-driven Al platforms employed to assess learners and deliver
targeted, real-time verbal feedback to mitigate surgical errors and improve technical skill
acquisition.!®1%7 The first major Al tutor system in neurosurgical training was the VOA
developed by our group, which used NeuroVR-derived safety metrics to quantify performance

and provide post-trial feedback.?> An RCT from our group evaluating the VOA demonstrated that

22



trainees receiving post-hoc Al-metric feedback outperformed those taught by human expert
instructors.?® Cohort data also revealed that embedding intelligent tutoring into a simulation-
based surgical curriculum produced unintended consequences in efficiency-related performance
domains, suggesting that Al instruction should not be implemented without the mentorship of

human surgical educators.>*

The VOA provides only post-trial feedback. The Intelligent Continuous Expertise Monitoring
System (ICEMS) was developed to address this limitation by operating during the task as a real-
time coaching and early warning system.?’?° ICEMS is an LSTM-powered system that
continuously assesses bimanual surgical performance at 5 hertz sampling rate (every 0.2 second
intervals) in the form of a composite expertise score on a —1 (novice) to 1 (expert) scale.”® The
composite score is computed from aggregating five monitored metrics (healthy tissue injury risk,
bleeding risk, instrument tip separation distance, bipolar force, ultrasonic aspirator force).?’%’
The Al system flags a performance deviation whenever a monitored metric exceeds a one-
standard-deviation relative to benchmarked expert reference for a continuous period, at which
the ICEMS delivers brief verbal feedback to correct the behavior and prevent future errors. 27-%
ICEMS has been validated in VR against surgical expertise levels ranging from medical students
to attending neurosurgeons and has been shown to accurately track skill acquisition throughout a

neurosurgical training program.?’-*

Our group’s earlier RCT showed that trainees tutored by ICEMS outperformed those tutored by a
human expert who was blinded to the ICEMS error data.”” A randomized cross-over trial
subsequently showed that the ordering of instructional modalities, namely of Al and expert
instruction, is of critical importance in shaping learning outcomes.*® Sustained performance

improvements emerged only when human expert teaching preceded Al tutoring, whereas
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initiating training with the Al tutor followed by expert instruction led to performance
deterioration.>® Most recently, Giglio and colleagues conducted a three-arm RCT in which the
human expert instructor delivered personalized, Al-augmented feedback using the ICEMS error
data.?’” This Al-enhanced personalized instruction resulted in superior surgical performance and
superior skill transfer compared with either ICEMS alone or expert instruction using ICEMS-
identical verbal feedback.?” A complementary investigation by Davidovic and colleagues
demonstrated that Al-augmented human instruction alters not only performance but also the
frequency and structure of feedback during training.!% A systematic review with quantitative
synthesis of automated feedback systems in surgical training has further affirmed the educational

impact of these technologies.'%

Across this body of work, two themes recur. First, intelligent tutoring systems produce
measurable and incremental improvement in trainee learning comparable to, and often
exceeding, those produced by human expert instruction alone in VR-based surgical training.>>
30.54.108 Second, the maximal learning outcomes are obtained when the quantitative performance
data from intelligent tutoring systems are paired with personalized instruction from human
educators.?”**1% Both conclusions frame the translational problem at the heart of this thesis: can
an intelligent tutoring system be built for a realistic, ex vivo surgical model, and which deep
learning architecture best supports it? Addressing these knowledge gaps will steer the next-

generation of surgical Al-powered curricula,?’-30:105.108-113

Deep Learning Rationale: LSTM, Transformers, and Hybrid Models

In complex, realistic ex vivo surgical settings, sequential time-series models may be limited in
their ability to capture global patterns, long-range dependencies, and higher-order relationships

embedded in behavioral performance data during simulation training. As a result, emergent,
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relational coordination patterns, complex dynamics, and holistic representations of surgical

expertise may not be fully encoded by the kinematic metrics in isolation.>*36-40

Two branches of deep learning architectures currently dominate temporal modelling of complex
dynamical systems in data science and medicine: Long Short-Term Memory (LSTM) recurrent
neural networks and Transformers. LSTM networks, introduced by Hochreiter and Schmidhuber
in 1997, are a class of recurrent neural networks, deep learning algorithms designed to forecast
temporal sequences by means of gated memory cells.*® A gated memory cell is a neural network
unit that decides what information to keep (input gate), what to discard (forget gate), and what to
pass forward (output gate) to the next time point state in a time-series sequence.?®® For instance,
during a subpial corticectomy sequence, the LSTM may retain a consistent pattern of smooth
bipolar movements, filter out spontaneous spikes in positional/tracking noise or abrupt
instrumental jerk, and pass forward only the relevant motion memory needed to predict whether

the subsequent motion of that tool-metric resembles expert or novice performance.?®8

LSTMs process input sequentially: at each time step they update an internal state that carries
information arbitrarily far back in the sequence and in the process may also forget non-salient
features or weights.?®® LSTMs excel well when training data are limited and sequences are
short.?®38 The original VR-based ICEMS was built on an LSTM.?’?’ Its input layer is a stream of
16 performance metrics sampled at 0.2-second intervals, fed through LSTM layers that capture
the temporal evolution of performance, a fully connected layer, and a regression output layer that
generates a continuous composite expertise score.?® A neural network layer is an information
processing module or stage composed of mathematical units (neurons) that apply weighted
transformations to their input data. The input layer receives the numerical kinematic performance

metrics, the LSTM layer sequentially learns time-dependent movement patterns across
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successive kinematic states, the fully connected layer combines the learned signal representations
across all tool-metrics, and the output layer converts the learned representations to one

continuous expertise score.?8-

In contrast, Transformers, introduced by Vaswani et al. in 2017, represent a fundamentally newer
approach to predictive modelling in time-series data.>® Rather than processing the data step-by-
step, a Transformer employs a self-attention mechanism that computes, in parallel, the pairwise
statistical relevance of every element in the time-series to every other element.*® This holistic
representation learning allows the model to adaptively learn long-range, global
interdependencies and hence, the latent complex dynamics of the time-series — for example,
how an instrument's behavior in the first minute of a procedure relates to its behavior in the last
minute — without the signal having to propagate through many recurrent steps like an LSTM
network.>®3® The attention mechanism also allows the model to integrate information across
multiple parallel input streams as a multimodal Al system: in a multi-instrument operative
procedure, attention can map dynamics on one instrument with events on another irrespective of
their relative timing.>® Self-attention allows the Transformer model to identify which earlier or
later events within the same participant trial are most informative, or salient, for the current
prediction. For example, an aspirator acceleration pattern later in a trial can be interpreted in
relation to earlier microscissor incision behavior or bipolar pial elevation, allowing the model to

learn expertise-relevant emergent patterns across instrument metrics.

Transformer-based architectures currently underpin many foundation models: very large models
pre-trained on massive datasets and then adapted to specific downstream tasks with relatively
small amounts of task-specific data.>*37#* In medical imaging, medical natural language

processing, and surgical Al, Transformer-based architectures have increasingly outperformed
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LSTM and convolutional predecessors, particularly when global context, multi-modal
integration, or long sequences are critical for temporal forecasting.>’>%4%% For example, in
medical image analysis, vision Transformers utilize self-attention mechanisms to model global
spatial relationships across the whole image, allowing them to capture complex and long-range
anatomical context missed by other deep learning networks.* The utility of foundation model
strategies, 1.e., pre-training on large, heterogeneous data and then adapting to specialized tasks, is
one of the principal reasons Transformer-based architectures are purposive in surgical Al-based

training where realistic patient data are limited.?”-*4043

LSTMs can outperform Transformers when datasets are small and sequences are short;
Transformers outperform LSTMs when datasets are larger and predicting future behavioral
patterns based on long-range multi-instrument interactions are critical.**% A sequence refers to
the time-series of kinematic metrics recorded during a subpial resection trial. A short sequence
may represent a relatively shorter time-series, such as only a few seconds, of local instrument
motion. In contrast, a long sequence may span a longer procedural timeframe, such as pial
incision, bipolar elevation, aspirator resection, and instrument transitions. Hybrid architectures
that combine the two: using the Transformer's attention to capture global context via large-scale
statistical pattern modelling and the LSTM's recurrent processing to capture fine-grained local
temporal dynamics, have been explored in adjacent domains including student performance
analysis and speech emotion recognition.*'*> However, being relatively new, Transformers
remain virtually absent in the realm of surgical education and surgical Al/intelligent tutoring
systems. Thus, whether any of these Al architectures is optimal for an intelligent tutoring system
trained on data from a realistic ex vivo surgical model to forecast future behaviors across training

years is an open empirical question,3#36-38:41.42
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The ex vivo setting sharpens the architectural question for two reasons. First, as already noted,
the absence of force and safety-related metrics in a non-perfused ex vivo model shifts the feature
set toward kinematic (motion) metrics (velocity, acceleration, jerk, inter-instrument distance).%34
These kinematic metrics vary on multiple timescales: short, intermittent bursts of acceleration
during pial incision, sustained coordination during aspiration, and procedure-wide complex
dynamics.?®** Second, an ex vivo procedure using the actual operative instruments is more
complex than a VR subpial resection as it implements three instruments rather than two, spans a
longer duration, embodies three-dimensional haptic and ergonomic adaptations, and includes a
preparation phase and a suction/aspirator resection phase that are kinematically distinct.?3* A
predictive model that captures global patterns across instruments and phases may therefore have

an advantage over a model that processes the data sequentially.?®*+3

These considerations motivate the architectural comparison between the VR-validated LSTM, a
Transformer, and two of their hybrid combinations: an LSTM—Transformer (Hybrid 1), and a
Transformer—LSTM (Hybrid 2), trained under identical preprocessing and evaluation methods on
the same ex vivo calf brain subpial corticectomy data.?®36384142 The goal is to identify the best-
performing Al architecture for an EV-ICEMS but also to establish a template for architectural
choices in future intelligent tutoring systems trained on realistic surgical data, applicable broadly

across surgical Al systems, 2836384142

Toward the Intelligent Operating Room: EV-ICEMS as the Bridge

By learning individualized performance patterns, transformer-based models may help future
intelligent tutoring systems personalize feedback by identifying trainee-specific behavioral
patterns over time.?’%3%43 The integration of LLMs further extends this paradigm, enabling

natural language feedback, interactive coaching, and explainable guidance embedded directly
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within the training loop.****!1* The next evolution of surgical Al is being driven by Big Data
ecosystems that fuse high-dimensional inputs—operative video, instrument kinematics (velocity,
acceleration, jerk) and multi-instrument coordination patterns (behavioral patterns), and even
emerging proxies of cognitive and emotional states—into unified learning frameworks.*+63-71.9-
93.115.116 Within this paradigm, foundation models trained on large-scale multimodal surgical
datasets, including VR platforms and ex vivo simulations where data can be more safely and
abundantly generated, enable continuous monitoring, fine-grained skill assessment, and adaptive

learning at scale 43:44.90-93.114

The long-term goal of the research program to which this thesis contributes is an intelligent OR,
i.e., an intraoperative Al system in a live OR environment which continuously monitors and
assesses surgical performance, flags deviations as early risk signals from expert benchmarks, and
prevents errors in real-time.**?0%!15 The problem between where the field currently stands,
validated Al tutoring in VR, and that goal is substantial. Unlike VR systems, which rely on
simulator-specific physics such as simulated bleeding and tissue injury, the ex vivo model uses
real operative instruments and generates instrument-tracking data closer to what could be
captured during live surgery.>**%* An intelligent tutoring system built and validated on ex vivo
data is therefore a methodological bridge toward an intraoperative intelligent system,3334:44.90-93
Its construct and predictive validity across training levels are the first evidence that the approach
can differentiate surgical expertise in a realistic ex vivo environment and the foundation for

subsequent studies that will extend the approach toward live operative data,*3-47:20-93.115

Ethical translation to an intelligent OR will, of course, require work well beyond the scope of
this thesis. In this context, primum non nocere — safety and harm prevention — must remain the

hallmarks of human—AlI synergy in the intelligent operating room. Privacy, patient agency,

29



accountability, and robust Al safety frameworks are central concerns in any deployment of
continuous Al assessment during patient care. 3219210115116 The most useful contribution this
thesis can make to that longer-term program is methodological: to determine which deep learning
architecture motivated by prior ICEMS work, best supports an intelligent tutoring system in a
realistic ex vivo surgical environment, and to provide rigorous construct and predictive validity

evidence for the resulting system, 3436384547

Four architectures were explored herein: LSTM, Transformer, and two hybrids, namely LSTM—
Transformer, and Transformer—LSTM. Alternative time-series modelling Al architectures,
including other recurrent neural networks, convolutional networks, and foundation-model
approaches, may also be relevant to future surgical Al systems.?®*%4 Emerging foundation
models rely on Transformer architectures as their core computational backbone.** However, prior
ICEMS work established an LSTM architecture as the validated model for continuous expertise
assessment in VR surgical simulation. Our preliminary model exploration also supported
focusing the present EV-ICEMS comparison on whether this LSTM architecture should be
replaced or augmented by Transformer-based architectures in the ex vivo setting, given
Transformers' parallel processing across time-series data.?®3¢3* Further, hybrid architectures
were evaluated because LSTM—Transformer hybrid approaches have been shown to be effective
in educational and affective computing domains, including student performance analysis and

speech-emotion recognition.*!*?
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THE STUDY OBJECTIVES

The primary objective of this thesis was to determine which deep learning architecture, trained on
kinematic data from a calf brain subpial corticectomy model, best optimizes the development of
the Ex Vivo Intelligent Continuous Expertise Monitoring System (EV-ICEMS).

The secondary objective was to assess the construct and predictive validity of the model

architectures across training levels, including novices, juniors, seniors, and experts.

THE STUDY HYPOTHESIS

We hypothesized that a Transformer or Transformer-based hybrid architecture would outperform
an LSTM-based architecture for EV-ICEMS development due to its attention layer’s ability to
capture global, long-range relationships among instruments during complex surgical procedures.
We further hypothesized that Transformer-containing architectures would demonstrate stronger

construct and predictive validity than the LSTM alone.
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Abstract

Translation of intelligent tutoring systems to operative settings remains challenging due to the
sequential nature of procedures and data limitation. The deep learning architecture which best
optimizes improvement of these educational systems for surgical training remains unknown. This
investigation therefore evaluated Long Short-Term Memory (LSTM) networks, Transformers,
and hybrid architectures to develop individual calf brain Ex Vivo Intelligent Continuous
Expertise Monitoring Systems (EV-ICEMS). This case series study included 47 participants,
novices, junior and senior residents/fellows along with neurosurgeons who performed three
subpial ex vivo corticectomies on the calf brain model. Primary outcomes included composite
expertise scores (—1.00 [novice] to 1.00 [expert]) and assessment of each model’s construct and
predictive validity. The Transformer and LSTM-Transformer demonstrated better construct
validity than other architectures but only the Transformer differentiated seniors from juniors
(mean difference, 0.59; 95% CI, 0.23 to 0.96; P = .004). The Transformer demonstrated superior
predictive validity (R? = 0.424; MSE = 0.168; MAE = 0.365) with the steepest score-year slope

(0.150; 95% CI, 0.074 to 0.225). This study outlines a deep learning methodology to differentiate
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surgical expertise levels and optimize the development of intelligent tutoring systems for surgical

training in realistic operative environments.

Keywords: surgical simulation; deep learning; intelligent tutoring system; Transformer; long

short-term memory; surgical expertise

INTRODUCTION

Artificial intelligence (Al) is changing surgical education by quantifying technical skill execution
and generating novel performance metrics, enabling competency-based assessment and
personalized feedback.”®%° Within this framework, data-driven intelligent tutoring systems are
being utilized in surgical education.?>2%193:108 Thege platforms focus on developing Al-enhanced
curricula, providing quantitative trainee assessment for effective real-time feedback essential for

learner engagement, training, and error mitigation,?6-27-2%-31:32.108

The NeuroVR (CAE Healthcare) simulation platform captures detailed instrument movements
and interactions, enabling bimanual psychomotor skill tracking and automated

coaching 62313264 This platform was used to develop the Intelligent Continuous Expertise
Monitoring System (ICEMS), an intelligent tutoring system based on a Long Short-Term
Memory (LSTM) deep neural network.?>® The ICEMS assesses bimanual surgical skills at 0.2-
second intervals based on Al-derived metrics and provides trainees with personalized, actionable
verbal feedback.?® The ICEMS has been validated and outperformed human instructors in a

series of randomized controlled trials (RCTs) and crossover studies.?®*”*" Al-augmented
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personalized human educator instruction resulted in improved surgical performance and skill
transfer, and fewer errors compared with ICEMS instruction alone, highlighting the need for the

development of more proficient intelligent tutoring systems.?’-!%

Deep learning models like LSTM networks only process data sequentially but excel at capturing
temporal dynamics of performance, while transformers process data in parallel which aids in
understanding context and complex data relationships.**** LSTM networks can outperform
Transformers when data volumes are small and involve short sequence lengths, while
Transformers outperform LSTM applications when long-range dependencies are critical and
datasets are large.’”” Transformer-LSTM hybrid models leverage the transformer’s attention
capabilities and the LSTM’s temporal modeling.*' The use of Transformer-LSTM hybrid
architectures is being explored to assess student academic performance and speech emotional
recognition when large datasets are available.*!** It is unknown whether LSTM networks or
Transformers alone or their combination can improve the function of intelligent tutoring systems

utilized for surgical training in which limited datasets are common.

These Al technologies have also not been developed for or tested with more biologically realistic
models in which surgical instrument tracking has been utilized.***>”> Ex vivo models offer
anatomical realism in controlled, patient risk-free operative environments, allowing for the
development of novel metrics applicable to the use of specific operative instruments across many
surgical simulation platforms.3*3*4 The subpial corticectomy is a critical bimanual task that
neurosurgical trainees must master for the resection of brain tumors and epileptic foci.**# An ex

vivo calf brain subpial corticectomy model developed by our group has demonstrated face and
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content validity, as well as instrument tracking capabilities.** One goal of ex vivo investigations

is the development of data-driven intelligent tutoring systems for surgical education.

This study aimed to determine which deep learning architecture, trained on data from a calf brain
subpial corticectomy model, would demonstrate superior construct and predictive validity, thus
optimizing the development of the Ex Vivo Intelligent Continuous Expertise Monitoring System
(EV-ICEMS). We hypothesized that a Transformer-based architecture would outperform an
LSTM model due to its attention layer’s ability to capture global, long-range relationships such

as instrument usage in complex surgical procedures.’”’

RESULTS

Participants and Dataset

A total of 47 participants were enrolled and allocated a priori to 4 groups. Groups included 14
medical students (novices), 14 post-graduate year (PGY)-1-5 neurosurgical residents (juniors), 4
PGY-6 residents and 7 fellows (n = 11) (seniors), and 8 neurosurgeons (experts). Participant
demographic data are outlined in Table 2. Each of the 47 participants performed 3 subpial
corticectomies (Figure 2). However, due to tracking information loss, only 136 trials were
available for review (eTable 1 in Supplement 1). Participant grouping was based on training
level and clinical expertise. Although Table 2 reports specialty background for fellows and
neurosurgeons, the pre-task questionnaire** captured broad surgical interest items for medical

students and self-reported prior technical experience related to subpial resection in epilepsy and
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tumor cases with estimated counts for some participants. However, these variables were
heterogeneous, incompletely standardized, and not incorporated as predefined covariates in the
present study. They could influence motivation, task familiarity, and composite score variability,

and should therefore be prospectively standardized in future studies.

Model Performance

The Transformer and Hybrid 1 models demonstrated the best construct validity compared with
other Al model architectures (Figure 3A, C, E, and G). However, the Transformer model was the
only model to differentiate seniors from juniors (Figure 3C), while only Hybrid 1 differentiated
experts from seniors (Figure 3E). The Transformer demonstrated superior predictive validity

across training years (Figure 3D).

Expertise Group Discrimination

The Transformer and Hybrid 1 demonstrated strong construct validity. For the Transformer, mean
scores were 0.69 (95% CI, 0.47 to 0.91) for experts, 0.41 (95% CI, 0.25 to 0.56) for seniors, —
0.18 (95% CI, —0.53 to 0.16) for juniors, and —0.80 (95% CI, —0.99 to —0.61) for novices.
Significant pairwise differences were observed between experts and juniors (mean difference,
0.87; 95% CI, 0.49 to 1.26; P <.0001), experts and novices (mean difference, 1.49; 95% CI, 1.22
to 1.76; P <.0001), seniors and juniors (mean difference, 0.59; 95% CI, 0.23 to 0.96; P = .004),
seniors and novices (mean difference, 1.20; 95% CI, 0.97 to 1.43; P <.0001), and juniors and

novices (mean difference, 0.61; 95% CI, 0.23 to 0.99; P =.001).
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For Hybrid 1, mean scores were 0.75 (95% CI, 0.52 to 0.97) for experts, 0.25 (95% CI, —0.05 to
0.56) for seniors, —0.09 (95% CI, —0.39 to 0.21) for juniors, and —0.80 (95% CI, —0.92 to —0.68)
for novices. Significant differences were observed between experts and seniors (mean difference,
0.49; 95% CI, 0.14 to 0.85; P =.045), experts and juniors (mean difference, 0.84; 95% CI, 0.49
to 1.19; P <.0001), experts and novices (mean difference, 1.55; 95% CI, 1.31 to 1.79; P <
.0001), seniors and novices (mean difference, 1.05; 95% CI, 0.74 to 1.37; P <.0001), and juniors
and novices (mean difference, 0.71; 95% CI, 0.40 to 1.02; P <.001). Differences between

seniors and juniors were not statistically significant.

Hybrid 2 demonstrated more modest group separation. Mean scores were 0.56 (95% CI, 0.21 to
0.90) for experts, 0.08 (95% CI, —0.23 to 0.39) for seniors, —0.05 (95% CI, —0.31 to 0.21) for
Jjuniors, and —0.60 (95% CI, —0.78 to —0.41) for novices. Significant differences were observed
between experts and juniors (mean difference, 0.60; 95% CI, 0.20 to 1.01; P =.01), experts and
novices (mean difference, 1.15; 95% CI, 0.78 to 1.53; P <.0001), seniors and novices (mean
difference, 0.68; 95% CI, 0.33 to 1.03; P =.001), and juniors and novices (mean difference, 0.55;

95% CI, 0.24 to 0.86; P =.000).

LSTM showed the weakest construct validity. Mean scores were 0.42 (95% CI, 0.11 to 0.74) for
experts, 0.15 (95% CI, —0.13 to 0.42) for seniors, —0.11 (95% CI, —0.29 to 0.08) for juniors, and
—0.52 (95% CI, —0.83 to —0.21) for novices. Significant differences were observed between
experts and juniors (mean difference, 0.53; 95% CI, 0.19 to 0.87; P =.03), experts and novices

(mean difference, 0.94; 95% CI, 0.54 to 1.35; P <.0001), and seniors and novices (mean
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difference, 0.67; 95% CI, 0.28 to 1.06; P =.002).

Quantifying Skills Across Training Years

For predictive validity across training years, the Transformer achieved an R? = 0.424 with MSE
=0.168 and MAE = 0.365 on previously unseen surgical training data, followed by LSTM (R? =
0.234; MSE = 0.105) and Hybrid 1 (R? =0.231; MSE = 0.193), while Hybrid 2 showed the
weakest predictive performance (R? = 0.105; MSE = 0.177) (Figures 3B, D, F, and H). The
estimated slope for score versus year of training was highest for the Transformer (0.150; 95% CI,
0.074 to 0.225), compared with LSTM (0.076; 95% CI, 0.017 to 0.136), Hybrid 1 (0.103; 95%

CI, 0.022 to 0.183), and Hybrid 2 (0.061; 95% CI, —0.016 to 0.139).

Comparison of tool-metric pairs demonstrated that participant utilization involving microscissors
and bipolar kinematic-based metrics distinguished Transformer and Hybrid 1 models from other
architectures (Figure 4). For the Transformer, all three microscissors kinematic-based metrics
(velocity [mean difference, 0.59; 95% CI, 0.10 to 1.09; P = .01], acceleration [mean difference,
0.49; 95% CI, 0.0003 to 0.97; P =.0498], and jerk [mean difference, 0.52; 95% CI, 0.003 to
1.00; P =.035]) were significantly different between seniors and juniors. For Hybrid 1, two
microscissors kinematic-based metrics (velocity [mean difference, 0.58; 95% CI, 0.15 to 1.02; P
=.005] and jerk [mean difference, 0.57; 95% CI, 0.076 to 1.00; P = .02]) were significant. For
Hybrid 1, two bipolar kinematic-based metrics (velocity [mean difference, 0.55; 95% CI, 0.08 to
1.01; P =.02] and acceleration [mean difference, 0.48; 95% CI, 0.01 to 0.95; P =.04]) were

significantly different between seniors and juniors. Only bipolar velocity [mean difference, 0.56;
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95% CI, 0.10 to 1.02; P =.01]) was significantly different utilizing Transformer architecture

(Figure 4; eTable 3 in Supplement 1).

DISCUSSION

To the authors’ knowledge, this is the first study to assess whether alternative deep learning
architectures optimize surgical training utilizing actual operative instruments in realistic surgical
settings. Consistent with our hypothesis, this investigation demonstrates that the Transformer
architecture trained on data from a calf brain subpial corticectomy model provides strong
evidence for construct validity and superior predictive validity, thus optimizing EV-ICEMS
development. A recent review concerning simulation training in healthcare fields revealed that
only a small fraction of training systems had studies supporting construct and predictive validity,
highlighting the need to develop more relevant simulation training tools.***° This investigation
outlines a deep learning methodology which may be useful in optimizing the development of
intelligent tutoring systems for the assessment and training of procedural interventions. Future
studies should incorporate multimodal sensing including force, haptics, and safety metrics, to
enable more comprehensive assessment of surgical performance. Integration of cognitive and
emotional dimensions, such as cognitive load, may further enhance holistic surgical

education,*8>1116

In VR-based surgical education, an LSTM-based architecture has been effectively used to build

an intelligent tutoring system that assesses operative performance and mitigates errors.?>’ The
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present study’s Transformer model demonstrated higher predictive power (R2 = 0.424) than the
LSTM-based architecture in our previous VR study (R2 = 0.277).2® Both Transformer-based
models (Transformer and Hybrid 1)—where the Transformer performed the final expertise
regression—demonstrated the strongest construct validity, capturing significant expertise-related
differences driven predominantly by microscissors and bipolar kinematic-based metrics. In
contrast, LSTM primarily captured aspirator-based differences, which were less discriminative.
This may reflect the Transformer’s attention-based architecture, which captures long-range
temporal dependencies and global coordination patterns across multi-instrument metrics.>®
LSTM-based architectures focus on sequential processing, which is common in operative
procedures.*® However, they may be unable to provide context related to the whole series of

instrument movements involved in complex operative procedures.®

In our study, the deep learning architectures studied demonstrated differentiation across expertise
groups, with experts achieving the highest composite scores across models. This suggests that
technical mastery of subpial corticectomy continues to develop beyond residency and fellowship,
consistent with prior VR study findings.?’-?* However, at the composite score level, only the
Transformer significantly differentiated seniors from juniors, outlining that its principal
advantage was predictive validity (Figure 3). This is further supported by the steeper slope
observed in the Transformer (0.150) compared with Hybrid 1 (0.103), indicating greater
incremental improvement in skill assessment across training years. Additionally, the Transformer
demonstrated the highest area under the curve (AUC) and test accuracy on previously unseen

novice and expert data during the train-validation-test split (eTable 5 in Supplement 1).

41



Our Transformer-based EV-ICEMS provides surgical educators and learners with transparency
and explainability essential to optimizing learning outcomes.? In this study, microscissors and
bipolar kinematic-based metrics were the most important determinants of surgical expertise. This
would suggest that analysis of complex, individual instrument metrics is essential to developing
intelligent tutoring systems for surgical procedures. Educators and learners provided with this
information can more effectively develop Al-based curricula to maximize learner engagement
and performance.>* Consistent with our previous studies involving a subpial resection VR model,
bipolar-to-aspirator instrument separation distance was not a primary determinant of
expertise.””* In these VR investigations, tissue injury secondary to instrument force application
along with bleeding risk, were critical in RCTs and crossover studies to improve trainee
acquisition of surgical skills and error reduction.?’?**° We were unable to assess these metrics in
the ex vivo model used in this study.** Developing methodologies to quantitatively assess force
application, tissue injury, and bleeding risk in the ex vivo model will substantially improve our

capacity to develop more capable intelligent tutoring systems for training.'!’

Ex vivo surgical simulation platforms provide biologically realistic environments for training
bimanual psychomotor skills while enabling evaluation of model validity and preserving
standardized, reproducible task assessment.** These models provide explainable, quantitative
metrics and high tissue fidelity biofeedback.’* By generating large datasets of “skilled” and “less
skilled” surgical instrument performance, they improve the granularity of participant

classification and the identification of novel metrics that better characterize expertise.>!

The EV-ICEMS can be used to develop platforms capable of providing real-time, continuous,
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action-oriented verbal feedback for training and error mitigation.?® The implementation of these
systems may allow surgical educators to enhance simulation-based and Al-enhanced surgical
curricula.?®2** The development and validation of equivalent Al-powered intelligent tutoring

systems in the human operating room (OR) are the long-term goals of this study.

LIMITATIONS

The system does not capture the spectrum of competencies required in dynamic OR
environments, including real-time interactions with human educators and other healthcare
professionals. The absence of safety-related metrics (e.g., tissue injury and bleeding), instrument
force application along with emotional and cognitive components of learning limits the ability to
assess operative risk and patient safety.*®>1116 The cohort size was small and drawn from three
Quebec institutions, limiting applicability to other learners and experts. This study reports results
for subpial resections in an ex vivo calf brain model and generalization to other surgical
procedures will need further investigation. Prospective studies will be needed to support
comparative inference regarding trainee performance across transformer-based EV-ICEMS
models using multi-institutional randomized trials with larger sample sizes.

Ethical translation to an intelligent OR will require robust Al safety and responsible Al

frameworks prioritizing privacy, patient agency, and accountability.*?

The integration of Transformer-based multimodal embeddings with computer vision and large
language model-based feedback systems may further enhance the utility of intelligent tutoring

systems.?’#+93:195114 Eoyundation models are Transformer-based Al systems initially trained on
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massive datasets and subsequently adapted to specific tasks using more limited data.** The utility
of these models in surgical training should be further explored.

Al-enhanced curricula need to incorporate adaptive training elements that can continuously
adapt to each learner’s skill set proficiencies and learning trajectory to maximize capacity for
task mastery.!'® Importantly, Al-augmented instruction should remain embedded within human-
led mentorship, reinforcing that these systems are primarily designed to augment student

learning, not replace, the surgical educator.?’-!%

CONCLUSION

In conclusion, this study outlines a deep learning methodology to differentiate surgical expertise

levels, enabling the optimization of intelligent tutoring systems. The Transformer architecture

trained on data from a calf brain subpial corticectomy model demonstrated superior predictive

validity for simulation training of bimanual procedural interventions in realistic surgical settings.
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METHODS

Participants

Medical students, neurosurgical trainees, and neurosurgeons from Quebec universities were
enrolled in this case series from September 2022 to May 2023. Data were recorded at a single
time point without follow-up. Each participant performed three different simulated subpial
corticectomies as previously described.** Standardized verbal and written task instructions were
provided before the simulation, and participants were able to ask clarification questions before
and during the task. Verbal clarification of task instructions could be provided in English or
French when required. Since participants were recruited in Quebec, consent forms were available
in English and French, and the consent discussion was conducted in the participant’s preferred
language when required. One participant selected the French consent form. This study was
conducted in compliance with the principles of the Declaration of Helsinki and was approved by
the McGill University Health Centre Research Ethics Board, Neurosciences-Psychiatry Ethics
Board (Approval No. IRB00010120). Participants signed an approved consent form before trial
commencement and were not made aware of the trial’s purpose nor assessment metrics at any
point. This study follows the Consolidated Standards of Reporting Trials—Artificial Intelligence
(CONSORT-AI) guidelines'!® and the Machine Learning to Assess Surgical Expertise

checklist.>?
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Ex Vivo Brain Model and Continuous Instrument Monitoring

Because of their morphological similarity to the human pediatric brain, as well as their availability,

t,33-3575 and usefulness for microsurgical training,** calf brains were used in this study.

low cos
Fresh ex vivo calf brains with similar weight, structure, and well-defined gyri were obtained
postmortem from a local butcher through the commercial food supply chain. No live animals were
used or euthanized for research purposes. Development and assessment of the ex vivo calf brain
simulation scenarios followed best practice guidelines for ex vivo animal brain models in
neurosurgical education using the “ex vivo brain model to assess surgical expertise” (EVBMASE)
checklist.’

Fresh calf brains were positioned within a human skull model utilizing an off-midline
craniotomy and operated on under an OPMI Pico surgical microscope.** Microscissors, bipolar
forceps, and an ultrasonic aspirator (Stryker) were equipped with customized PLA-mounted
fiducial markers (Figure 1).3* These markers enabled real-time 3D tracking using a dual-camera
infrared optical system (FusionTrack 500, Atracsys; Polaris, Northern Digital Inc.). Tracking data

were streamed into 3D Slicer (version 5.0.3) through the PLUS/OpenlGTLink acquisition

pipeline.

Data Acquisition and Preprocessing

The microscissors, bipolar, and aspirator tip positions were measured on average every 0.1
seconds (10 Hz) during task duration, allowing derivation of three kinematic metrics (velocity,

acceleration, and jerk) for each instrument and the bipolar—aspirator separation distance. This
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0.1-second sampling interval refers to the present ex vivo instrument-tracking system.>* By
contrast, the 0.2-second interval described for prior [ICEMS work refers to the earlier VR-based
ICEMS platform.?® The kinematic time-series were denoised and smoothed using a fourth-order
low-pass Butterworth filter. These performance metrics were selected because they involve
coachable bimanual surgical psychomotor behaviors. Mean instrument detection rates were 79%
(microscissors), 88% (bipolar), and 74% (aspirator) with no significant differences between
groups. Full computational formulas for all derived metrics are provided in eTable 2 in

Supplement 1.

Outcome Label and EV-ICEMS Score

As previously described by Yilmaz et al., the Al algorithms were trained on data from expert
(neurosurgeon) and novice (medical student) trials only.?® The senior and junior trainee
performance was unseen to the models and was used for post-Al training validation.?® AT models
assessed performance at 0.1-second intervals and calculated expertise scores ranging from —1
(novice) to 1 (expert). Participant-level mean scores were computed by averaging trial-level

predictions.

Deep Learning Architectures and Training

Four deep learning architectures were evaluated for sequential skill modeling: (1) LSTM, (2)
Transformer, (3) LSTM-Transformer (Hybrid 1), and (4) Transformer-LSTM (Hybrid 2). All

models were trained under identical preprocessing and evaluation frameworks using 70/15/15
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train/validation/test splits (Figure 2).

All models processed instrument time-series sequences per participant and per trial, including
kinematic metrics (velocity, acceleration, and jerk) and bipolar-to-aspirator distance, as their

input layer. Details concerning model training are available in eFigure in Supplement 1.

Statistical Analysis and Model Evaluation

ICEMS model performance metrics were predictive accuracy (R?, coefficient of determination),
mean squared error (MSE), and mean absolute error (MAE) on previously unseen test data. To
assess construct and predictive validity across training strata, the average performance metrics
(ICEMS scores) were compared across 4 expertise levels (experts, seniors, juniors, and novices)
using one-way analysis of variance (ANOVA). Assumptions of ANOVA model errors, including
normality and homogeneity of variance, as well as the presence of outliers or influential
observations were assessed by graphical examination of model residuals. When warranted, post
hoc pairwise comparisons of mean differences were performed, and P values were adjusted for

multiple testing using the Tukey method.

All statistical tests of hypotheses were two-sided and performed at the 5% significance level.
Statistical analyses were conducted in R (R Foundation).!'” In complementary analyses, we
regressed predicted score against year of training using ordinary least squares with 95%
confidence bands, reporting the R2 as the main fit statistic, with MSE and MAE as error metrics.

Hyperparameter tuning was guided by parameters validated in the previously established LSTM-
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based ICEMS framework within a VR setting®® and matched among the 4 models.

DATA AVAILABILITY STATEMENT: The dataset is available from the authors on a
reasonable request.

CODE AVAILABILITY STATEMENT: The codes used in this study are available from the
authors on a reasonable request.

ARTIFICIAL INTELLIGENCE USE STATEMENT

No large language models or generative artificial intelligence tools were used in the preparation

of this manuscript.
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THESIS SUMMARY

Discussion

This thesis presents the development and validation of the EV-ICEMS, a deep learning
framework trained on kinematic and behavioral performance data captured during a calf brain
subpial corticectomy simulation. The central aim was to determine which deep learning
architecture most accurately differentiates surgical expertise levels from realistic ex vivo
instrument tracking data, and to examine what the learned representations reveal about surgical
expertise and its underlying teachable metrics. This study is the first to benchmark Transformer
vs. LSTM architectures for surgical skill assessment using real operative instruments on a

realistic ex vivo brain model.

The ex vivo model employed optical tracking via fiducial markers to capture high-resolution,
real-time three-dimensional kinematic data from three surgical instruments: microscissors,
bipolar forceps, and aspirator. Ten performance metrics were extracted per instrument across four
surgical expertise groups: novices (medical students), juniors (PGY 1-5), seniors (PGY 6 and
fellows), and experts (neurosurgeons). These instrument motion-based metrics, including
velocity, acceleration, jerk, and inter-instrument tip separation distance, were fed into four model
architectures that each produced a composite expertise score on a continuous scale from —1
(novice) to 1 (expert). Consistent with our hypothesis, the Transformer generated strong

construct validity and superior predictive validity.

The findings of this thesis advance the field of surgical Al and intelligent tutoring systems in

three important ways. First, they establish that Transformer-based architectures outperform
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sequential LSTM models in the realistic, limited-sample ex vivo model (Figure 3). Second, they
reveal that microscissors and bipolar kinematic metrics are the most critical predictors of
expertise in this bimanual corticectomy task, suggesting that the Transformer architecture detects
expertise-specific technique patterns embedded within instrument motion (Figure 4; Appendix
C). These findings should be interpreted as task- and model-specific. These metrics were the
most discriminative signals in this standardized, single-operator ex vivo subpial corticectomy
task, and not universal determinants of neurosurgical expertise. Third, they demonstrate that the
composite metric score captures emergent behavioral dynamics that transcend any single
kinematic measure, alluding toward data-driven predictors of expert surgical performance with
profound implications for the design of next-generation intelligent tutoring systems and

eventually an intelligent OR.

This work must be understood alongside the broader program of research conducted at the
Neurosurgical Simulation and Artificial Intelligence Learning Centre at McGill University. These
findings underscore that while Al-driven performance data enhances learning when integrated
with human instruction, the emotional and cognitive dimensions of the learner experience must
be carefully considered. LLM-based feedback systems that can contextualize and personalize
explanations may be key to managing these affective-cognitive responses and enabling the full

translational potential of EV-ICEMS in surgical curricula, 27-0:43:44.65-71.105.114.,116

Microscissors and Bipolar as Key Predictors of Expertise

Tool-metric pairwise comparison analyses revealed that the Transformer and Hybrid 1 generated
the strongest patterns of statistically significant between-group differences (Figure 4). For the
Transformer, all three microscissors kinematic metrics (velocity, acceleration, and jerk)

successfully separated senior from junior residents, while Hybrid 1 (LSTM-Transformer)
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identified microscissors velocity and jerk, and bipolar velocity and acceleration as the key
discriminators between these groups. These findings reflect the technique structure of the subpial
corticectomy. As shown in Appendix C, the attention layers which weight input features by their
relevance to the model's prediction, and integrated gradients of the trained Transformer identified
jerk as a salient determinant of expertise across instruments. Jerk, as the rate of change of
acceleration, quantifies movement smoothness, with elevated jerk reflecting jittery, less
controlled motions. Expert surgeons generate smooth, deliberate movements with minimized
abrupt shifts, a pattern coachable through slow and deliberate practice, reduction of sudden

direction changes, and smooth velocity and acceleration transitions.

A critical design decision was the inclusion of all ten metrics simultaneously. Analyses
confirmed that this full metric set yielded the highest regression R? and lowest prediction error,
removing any individual metric, even bipolar-to-aspirator tip separation distance, degraded group
separation and predictive validity. This illustrates a Gestalt principle inherent to complex
systems: the ‘whole is greater than the sum of its parts’. Every instrument—metric pair plays a
synergetic role, encoding unique behavioral information. The latent representations learned by
the attention layers encode emergent features of behavioral dynamics, including the nonlinear
coordination patterns of multi-instrument usage across precise temporal windows. This also
explains why bipolar-to-aspirator tip separation distance was not statistically meaningful on its
own yet appeared as a salient feature in the Transformer's attention layers and integrated
gradients (Appendix C). For learners and educators, EV-ICEMS should emphasize explainable,
instrument-specific coaching, particularly focused on microscissors and bipolar kinematics, to
guide technique development from competence toward mastery in in Al-enhanced surgical

curricula.
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Methodological Innovations

The specific architectures evaluated here represent a snapshot of a rapidly evolving Al landscape.
While Transformers and recurrent neural networks remain the dominant paradigms in current
data-driven predictive models, future innovations in Al architectures will bring new
representational capacities to surgical expertise prediction. What endures is our approach itself:
kinematic time-series data from multi-instrument ex vivo tracking contains nonlinear, emergent
patterns (synergy) of behavioral dynamics that sufficiently powerful deep learning architectures
capable of learning parallel, context-sensitive global representations, like attention mechanisms
of Transformers, can decode into accurate expertise predictions and intelligent tutoring systems.
The latent space of a well-trained Transformer encodes not merely motion, but behavioral
coordination, and the distributed temporal signature of surgical expertise across instruments as

dynamical systems.

Equally important is the signal engineering that precedes modeling. As detailed in Appendix B, a
fourth-order Butterworth low-pass filter was identified as the optimal denoising solution: in data
preprocessing, attenuating high-frequency noise while preserving the behaviorally relevant
frequency content of instrument motion. The quality of the learned representation is bounded by
the quality of the input signal. No architecture can recover emergent behaviors destroyed by
noise fluctuations. The fourth-order Butterworth filter combined with the Transformer
architecture are therefore complementary innovations: one preparing the signal for learning, the

other extracting the expertise signatures embedded within the time-series metrics.
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Limitations and Future Directions

Several important limitations of the current work must be acknowledged. First, and most critically,
this ex vivo model does not yet quantify safety-related metrics such as tissue injury risk, bleeding
risk, or instrument force application.?333* These dimensions are central to operative safety and
constitute key targets for next-generation EV-ICEMS development. One promising avenue is the
incorporation of simulated tumor models, such as gel-based tumor grafts previously developed by
our group, into the ex vivo preparation.>>” Separately, a bleeding vessel simulation could be
integrated into the ex vivo model to allow measurement of hemorrhage control performance by
utilizing perfusion of intact carotid arteries in this model. Most importantly, future iterations should
incorporate force sensing and haptic feedback instrumentation to measure instrument-tissue
interaction forces, providing richer multimodal data for EV-ICEMS training. Specifically, the
integration of force sensors, surgical robotics, and flexible force-sensing arrays onto instrument
handles could potentially circumvent this barrier, capturing finer dimensions of operative

performance that kinematic data alone cannot encode.

Second, the EV-ICEMS as implemented does not capture the full complex and adaptive spectrum
of competencies required in the dynamic, adaptive operating room environment. Surgical expertise
encompasses not only bimanual psychomotor skill but also team-based learning and
communication, situational awareness, adaptive decision-making, and dynamic interaction with
human educators and a multidisciplinary team. The present task was performed as a standardized
single-operator simulation®*, whereas many real-world neurosurgical procedures are performed
under the microscope by a lead surgeon and an assistant or second surgeon. In some cases,
bimanual coordination is distributed across the team: one surgeon may hold the bipolar while

another manages complementary techniques such as suction, retraction, microscissors, hemostasis,
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or tissue mobilization. Therefore, the present ex vivo model does not capture surgeon-assistant
coordination, instrument handoffs, verbal and nonverbal communication, or collaborative crisis
management.*®!'% The absence of these team-based dimensions limits the ecological complexity
of EV-ICEMS as a comprehensive competency framework, and future systems must aspire toward
multi-dimensional assessment. This team-based dimension is central to surgical competence and
to the instructor-trainee relationship; its absence from current Al-based surgical curricula

represents an important limitation,*%116:120

Third, this model represents only one technically critical segment of a neurosurgical procedure
rather than the full operative pathway.** Before a subpial resection begins, surgeons must select
the operative approach, position the patient and head, plan pin placement, open the skin and
cranium, decide whether cerebrospinal fluid diversion or retractors are needed, choose the surgical
corridor, navigate eloquent cortex and vascular anatomy, interpret intraoperative pathology, decide
the safety margins of resection, and close the wound to minimize complications such as
cerebrospinal fluid leak, wound infection, and postoperative hemorrhage 3272834558485 Thege
cognitive, anatomical, and strategic decisions may challenge residents and fellows as much as
instrument motion at the resection cavity. The current EV-ICEMS should therefore be interpreted
as a model of bimanual psychomotor performance during a defined subpial corticectomy phase,
not as a complete assessment of neurosurgical competence. Future EV-ICEMS development
should incorporate staged scenarios, operative planning, complication management, and whole-

procedure assessment to better approximate real-world neurosurgery.*8-36-60.76-80.116

Fourth, from a technical standpoint, the current instrument tracking system using optical fiducials
requires physical marker setup and introduces practical constraints. While optical tracking with

fiducial markers provides the high-precision, real-time three-dimensional kinematic data required
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for accurate EV-ICEMS metrics, optimizing this system for the intelligent operating room will
require lighter tracking markers, expanded camera coverage, ideally upgraded to four cameras to
prevent tracking data loss, and lighter, lower-profile fiducial markers that reduce instrument
handling interference and marker-related occlusion in the surgical field—for example, during
periods of active bleeding or instrument crowding.** Computer vision-based tracking, while
appealing for its marker-free convenience, faces significant challenges in the surgical environment,
including occlusion from blood, instruments in field of vision, lighting variability, and limited
depth accuracy for precise tool-tip kinematics. Deformation and viscoelastic feature modeling of
soft tissue adds additional computational complexity that current computer vision pipelines do not

robustly address.*+?-3

Fifth, the current study is limited in sample size and institutional scope. Although the pre-task
questionnaire included broad surgical interest items for medical students and self-reported prior
technical experience related to subpial resection in epilepsy and tumor cases, these variables were
not uniformly collected across all participants. These factors could influence task familiarity,
motivation, and performance, offering a possible explanation for composite score variability
among the heterogeneous expertise groups. Future studies should standardize these items by
recording recent and lifetime subpial corticectomy volume, subspecialty exposure, operating room
exposure, and learner motivation. Prospective multi-institutional trials with larger participant
samples across multiple training programs will be essential to externally validate the EV-ICEMS

model and confirm their generalizability.

Sixth, while the ex vivo calf brain subpial corticectomy model is the focus of this work, the EV-
ICEMS framework is in principle applicable to any surgical procedure for which multi-instrument

kinematic data can be captured. Within neurosurgery, extending this approach to more complex
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bimanual microsurgical procedures, such as temporal lobectomy, represents a natural next step.
Many bimanual microsurgical or minimally invasive procedures could benefit from our model.
This intelligent tutoring system also carries strong implications for the globalization of safe surgery
and global surgical education, extending accessible, equitable, and safety-oriented simulation

training to resource-limited and underserved settings.

Future work should also include the emotional and cognitive dimensions of surgical training.®*
L6 Byrther, the integration of LLM-based feedback systems capable of generating contextually
sensitive, emotionally attuned, and personalized instructions adapted to each learner’s behavioral
profiles or level of training using EV-ICEMS kinematic data.’**#411% This may enable the full
pedagogical potential of Al-powered surgical training. Transformers being the foundational
infrastructure of LLMs, this transition is relatively natural. For learners and educators, EV-ICEMS
provides an explainable Al with teachable metrics and instrument-specific transparency needed to
build Al-enhanced surgical curricula and next-generation intelligent tutoring systems,?>-28:31:32.34
The complementary finding from our group’s recent RCT that Al-augmented personalized expert
instruction underscores that the future of intelligent surgical education lies in human-in-the-loop

Al-educator/learner synergy.>’-3%:105

Beyond technical instrumentation, future iterations of the EV-ICEMS must deliberately simulate
the full complexity of the operative environment, including the integration of its failures.?%3%-346-
60 Controlled surgical mistakes and failure scenarios such as an actively bleeding vessel,
unexpected anatomical variation, or instrument malfunction would allow trainees to practice high-

stakes risk scenarios and error recognition in a consequence-free setting, building the adaptive

resilience and OR preparedness that real operative crises demand.>®°
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Finally, ethical considerations must guide the translation of EV-ICEMS to clinical and educational
practice. The deployment of Al systems in high-stakes domains such as surgical training requires
robust Al safety frameworks, transparency, and protection against algorithmic bias.*$91:92:110.115.116
Responsible Al translation to the intelligent OR is a prerequisite for earning the trust of surgeons,
trainees, educators, and patients alike.*®21:92110115.116 (J]timately, every technical and pedagogical
development described in this thesis must be anchored to its terminal purpose: patient safety and
agency in patient-centered care. Patient-centered agency, i.e., empowering the patient as an active
stakeholder whose stories, challenges, and outcomes must guide surgical decision-making, should
therefore be embedded as a foundational principle in the ethical translation of EV-ICEMS from
simulation to clinical practice. Our long-term vision is an Al-powered and human-supervised
intelligent OR in which real-time kinematic assessment, LLM-generated personalized feedback,

and expert human mentorship operate in concert to maximize learning outcomes while preserving

patient safety.

Conclusion

This study outlines the development and validation of EV-ICEMS, a deep learning methodology
to differentiate surgical expertise levels, enabling the optimization of intelligent tutoring systems.
The Transformer architecture trained on data from a calf brain subpial corticectomy model
demonstrated strong construct validity and superior predictive validity for simulation training of
bimanual procedural interventions in realistic surgical settings. Pairwise tool-metric analyses
identified microscissors and bipolar kinematic metrics as the most important predictors of surgical

expertise, consistent with the procedural demands of the subpial corticectomy task.
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TABLES

Table 1. Validity Frameworks in Surgical Simulation

Framework

Approach

Components

Traditional

Operationalize distinct types
of validity as discrete
attributes of a measurement
tool.

Face: Whether the simulation task appears, to
expert users, to resemble the actual operative
procedure it is designed to represent. Content:
the extent to which the simulator trains the
skills it is created to train. Construct: the
ability of the simulator (or of a scoring system
used with it) to accurately differentiate between
individuals of different skill levels (expertise
groups). Predictive: Whether scores (or
metrics) derived from simulator performance
generalize to, and anticipate, a participant's
future performance in tasks or operative settings
from previously unseen data

Messick's
Contemporary

Create a cumulative, multi-
source validity argument in
which each piece of
evidence strengthens the
case for the intended
interpretation and use of
model.

Test content: The degree to which the tasks and
items within the assessment instrument are
representative of and relevant to the underlying
skill or construct being evaluated. Response
process: the integrity of data collection, such as
standardized instructions and blinded
evaluations. Internal structure: the degree to
which components of an instrument match the
underlying construct, as captured by statistical
measures (e.g., internal consistency, reliability).
Relationship to other variables: the extent to
which assessment measures are related to
external measures (e.g., level of training,
experience). Consequences: Evidence
regarding the intended and unintended
outcomes (e.g., educational, ethical,
psychosocial, and systemic factors) that result
from the deployment of the training system.
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Table 2. Demographic Characteristics of Included Study Participants

No. (%)

Novices Juniors Seniors Experts
Characteristic (n=14) (n=14) (n=11) (n=28)

Age, mean (SD), y 20.4 (2.8) 28.1(1.9) 35.2 (3.0) 46.1 (8.0)

Sex

Male 4(29) 9 (64) 8 (73) 7 (88)

Female 10 (71) 5 (36) 3(27) 1(12)

Handedness

Right 13 (93) 12 (86) 8 (73) 8 (100)

Left 1(7) 2 (14) 2 (18) 0

Ambidextrous 0 0 1(9) 0

Prior NeuroVR exposure

Yes 2 (14) 4(29) 4 (36) 7 (88)

No 12 (86) 10 (71) 7 (64) 1(12)

Medical students 14 - — _

Residents — 14 4 —

PGY-1 -

PGY-2 —

PGY-4 -

5
3
PGY-3 - 2 - —
1
3

PGY-5 —

PGY-6 - -

Fellows — —

Spine — —

Epilepsy — —

Pediatrics — —

Oncology — —

—_—= N = N
|

Functional — —

Neurosurgeons — —

Pediatric — —

Oncology — —

Cerebrovascular — — _

Skull base — — —

I
»—A»—A»—A[\)UJOO|

Spine/general — — —

Primary institution

McGill University 10 12 11 8

Université de Montréal 4 0 0 0

Université de Sherbrooke 0 2 0 0

Abbreviations: PGY, post-graduate year.
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FIGURES

Figure 1. Study Workflow
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Schematic overview of a deep learning methodology to differentiate surgical expertise levels utilizing
metrics extraction, Al model development, and validation. Participants complete 3 subpial resections
using an ex vivo calf brain corticectomy model, enabling a realistic and reproducible evaluation of
surgical performance. Activity of 3 surgical instruments (microscissors, bipolar, and aspirator) were
recorded using the tracking system. For each instrument, three kinematic metrics (velocity, acceleration,
and jerk) and inter-instrument distance (bipolar-to-aspirator) were extracted as time-series features. The
input data were fed into 4 Al architectures: an LSTM, a Transformer, an LSTM-Transformer (Hybrid 1),
and a Transformer-LSTM (Hybrid 2). Models were trained on experts (neurosurgeons) and

novices (medical students) and evaluated on all levels of training (experts, seniors, juniors, and

novices). Model outputs consisted of a regression-based composite score derived from the average of all
tool-metric time-series predicted scores, scaled from —1 (novice) to 1 (expert). Construct validity was
assessed by comparing composite scores across training levels. Statistical significance of individual tool-
metric pairs and the composite score is shown in the shaded matrix, where white indicates non-significant
results (P > .05), and blue indicates significance (P < .05). Predictive validity was evaluated using
previously unseen data from intermediate groups (juniors to seniors). Best-fit regression lines and
associated metrics quantified the Al models’ ability to predict surgical skill across the year of training.
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Figure 2. Participant Recruitment Flowchart
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Figure 3. Construct and Predictive Validity of Scores Across Model Architectures
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Average scores by training level showing progressive improvement (P < .05) with 95% confidence
intervals (CI) as error bars and Tukey post hoc significance indicated by horizontal brackets. Panels show
participant-level composite scores and regression-based predictive trends for LSTM (A-B), Transformer
(C-D), LSTM-Transformer (Hybrid 1) (E-F), and Transformer-LSTM (Hybrid 2) (G-H). The Transformer
and Hybrid 1 architectures demonstrated the strongest construct validity, while the Transformer model
showed superior predictive validity across training years. The dots represent the average score of each
participant, and the x-axis represents year of training. Resident participants’ neurosurgery training
program was six years. Neurosurgical fellows were considered in seventh year of training. LSTM
indicates long short-term memory; MSE indicates mean squared error.
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Figure 4. Shaded Matrix Showing Statistical Significance Across Tool-Metric Pairs and
Composite Scores for 4 Model Architectures
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White indicates non-significant comparisons, while blue indicates statistical significance (P <.05). (A)
LSTM, (B) Transformer, (C) LSTM-Transformer (Hybrid 1), and (D) Transformer-LSTM (Hybrid 2).
LSTM indicates long short-term memory.
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APPENDIX A- The Study Supplementary Information

eAppendix Al. Model Design, Architecture, and Hyperparameters

eAppendix A2. Composite Score Derivation

eTable 1. Missing Participant Trials

eTable 2. Metric Extraction from Real-Time Tracking Data

eTable 3. Pairwise Statistical Comparisons of Metrics and EV-ICEMS Composite Scores

for All Model Architectures

eTable 4. Model Performance for Predictive Validity of Technical Skill Scores

eTable 5. Train, Validation, and Test Performance Metrics of EV-ICEMS Models Using a

70/15/15 Split

eFigure. Deep Learning Model Architectures for EV-ICEMS Surgical Expertise Prediction

eAppendix Al. Model Design, Architecture, and Hyperparameters

The Intelligent Continuous Expertise Monitoring System (ICEMS) validated in the virtual reality
(VR) setting uses a basic Long Short-Term Memory (LSTM) network architecture for time-series
prediction and pattern analysis. The LSTM architecture, as a subset of recurrent neural networks
(RNN), excels at preserving long-term dependencies in sequential data through gated memory
cells, making it well-suited for local temporal pattern discovery.! Given the limited complex,

noisy, and real-time dynamics of the ex vivo model data captured, we implemented Transformer
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and Transformer-based hybrid architectures (i.e., LSTM-Transformer [Hybrid 1] and
Transformer-LSTM [Hybrid 2]) to optimize expertise-based score prediction as intelligent
tutoring systems. The Transformer’s attention mechanism enables predictive modeling of global
contextual relationships, capturing nonlinear, adaptive, and dynamic interactions across the full
temporal sequence.? All 4 Al model architectures processed time-series windows of stacked

instrument-tools metrics per participant.

The LSTM model consisted of a single recurrent input layer (LSTM, 128 units) followed by a
Dropout layer of 0.30, batch normalization, a fully connected Dense layer (32 units, ReLU),
another Dropout 0.30 layer, and a final fully connected Dense layer (1, tanh output) for the
regression-based scoring (eFigure 1). The 30% dropout mitigates overfitting. We used a single
LSTM layer (128 units) across models to ensure a standardized comparison across the 4 Al
architectures. This also reduced the risk of overfitting and was found most suitable for our
dataset size. Experimentation with multiple stacked LSTM layers decreased performance,

supporting the use of a single layer architecture.

The Transformer model consisted of an input projection (Dense 64), learnable positional
embeddings, and 2 stacked encoder blocks with multi-head self-attention (4 heads, key dim =
32), followed by feed-forward layers with residual connections and layer normalization. Dropout
(0.30) was applied after attention layers and within feed-forward layers of each encoder block, as
well as after the dense projection layers. The architecture concluded with global average pooling,
a fully connected Dense layer (32 units, ReLU), Dropout (0.30), and a final Dense layer (1, tanh)

as the output regression layer (eFigure 1).
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The LSTM-Transformer (Hybrid 1) was designed to first model sequential dependencies using
the LSTM’s recurrent architecture and subsequently integrate cross-metric relationships and
long-range temporal dependencies using the transformer’s attention layers. Its architecture
consisted of the following components in order from the input layer: LSTM (128 units,
return_sequences = True), followed by Dropout 0.30, Dense 64 layer, positional embedding,
Transformer encoder block with Multi-Head Attention (4 heads, key dim = 32), feed-forward
layers with residual connections and layer normalization, and dropout applied after attention and
within feed-forward layers, GlobalAveragePooling1D, fully connected Dense 32 (ReLU),

Dropout 0.30, and a fully connected Dense 1 (tanh) as output regression layer.

Conversely, the Transformer-LSTM hybrid (Hybrid 2) reverses this ordering, applying attention-
based global feature integration prior to the LSTM’s sequential temporal modeling.!** The
algorithm’s architecture consists of an input projection (Dense 64), learnable positional
embedding, and a Transformer encoder block with Multi-Head Attention (4 heads, key dim =
32), feed-forward layers with residual connections, layer normalization, and dropout 0.30 applied
after attention and within feed-forward layers. This Transformer unit was followed by an LSTM
layer (128 units), batch normalization, a fully connected Dense (32 units, ReLU), a dropout 0.30

layer, and lastly a Dense layer (1, tanh output) for the regression output.

All models were implemented in Python (version 3.12.3) using TensorFlow (version 2.19.0) and
trained under identical hyperparameter settings (Adam optimizer, learning rate [Ir] 1x103, mean-

squared error [MSE] loss, 50 epochs, batch size 32, and early stopping with patience = 8 based
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on validation loss), ensuring differences in performance reflected architectural variation rather
than training configuration. Data were split 70/15/15 into train/validation/test sets, stratified by
expertise group and participant to prevent leakage across trials. The 30% dropout and batch
normalization improved regularization and generalizability. Models were trained exclusively on
expert and novice data. Predictions were generated at the trial level, averaged per participant to

obtain composite scores.
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eAppendix A2. Composite Score Derivation

Scores were computed exclusively between the novice (—1) and expert (1) groups for each

instrument—metric pair using each of the four AI model architectures.

Four interpretable and coachable metrics were derived for each of the three tools (microscissors,
bipolar and aspirator): 3 kinematic features (velocity, acceleration, jerk) and inter-instrument
separation distance (bipolar-to-aspirator). This resulted in a total of 10 unique tool-metric pairs
per participant per trial. Each of the 4 Al models was trained exclusively on the expert and
novice group time-series data for each of these tool-metric pairs. For each participant and trial, a
regression score was obtained for all ten tool-metric pairs. The final composite score was
obtained by averaging these regression scores across all tool-metric pairs and across the three
trials per participant. Due to some data loss from the instrument tracking system, 5 of the 47
participants had only two trials available instead of three. The details of these five participants

are provided in eTable 1.
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eTable 1. Missing Participant Trials

Participant ID  |Missing Trial| Expertise Group| Level of Training
10290713 Trial 3 Junior PGY-1
16041012 Trial 2 Senior PGY-6
32030213 Trial 1 Senior Functional Fellow

. Spine Neurosurgeon
46051812 Trial 1 Expert (Staff)

. Pediatric Neurosurgeon
25161110 Trial 3 Expert (Staff)

Among N = 47 participants each performing 3 trials, we initially had data from 141 trials. However, data from 5
trials were lost due to technical issues with the tracking system. Thus, a total of 136 trials were used for model
training and assessment. The 5 lost trials included 1 junior, 2 senior, and 2 expert participants. PGY, post-graduate
year.
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eTable 2. Metric Extraction from Real-Time Tracking Data

Metric

Description

Formula

Instrument Position
IpP)

3D coordinates of the tool tip at time t

(mm)

X(0), Y(1), Z(1)

Velocity (V) Instantaneous 3D speed between V(1) = sqrt [(X(t) — X(t-1))?

(mm/s) successive samples +(Y(1) = Y(t=1)? + (Z(t) — Z(t-1))}] / (T(t) — T(t-1))
Acceleration (A) Rate of chanee of velocit A)=(V(@®) — V(1)) / (T(t) — T(t-1))
(mm/s?) & y

E';;‘; /(s‘!)) Rate of change of acceleration 3(t) = (A(D) — A(t-1)) / (T(t) - T(t-1))

Inter-Instrument
Distance (IID)
(mm)

Moment-to-moment 3D spacing

between instrument tool tips (bipolar-

to-aspirator)

1D (t) = sqrt [(Xa — XB)> + (Ya — YB)> + (Za — Zg)*]

Derived kinematic performance metrics were computed from sequential instrument tracking data (10 Hz sampling,
change in time [At] = 0.1 s). Each metric was derived from tool 3D tip positions (X, y, z) captured by the infrared
optical tracking system for all three instruments (microscissors, bipolar, aspirator). Raw coordinate streams were
denoised using a fourth-order Butterworth low-pass filter after computing instantaneous velocity, acceleration, and
jerk per time window. These kinematic metrics quantify motion smoothness and efficiency, while inter-instrument
distance captures temporal bimanual synergy between the bipolar and aspirator. Metrics follow the computational
framework described in Almansouri et al.>* Units; mm, millimeters; s, seconds.
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eTable 3. Pairwise Statistical Comparisons of Metrics and EV-ICEMS Composite Scores for All Model

Architectures
P Value
Tool Metric Al System Expertsvs | Expertsvs | Expertsvs | Seniorsvs | Seniorsvs | Juniorsvs
Seniors Juniors Novices Juniors Novices Novices
Microscissors Velocity LST™M 0.778 0.257 0.00124 0.773 0.00919 0.0689
Microscissors | Acceleration LSTM 0.220 0.197 0.000453 1.000 0.0686 0.0425
Microscissors Jerk LST™M 0.0549 0.0132 <0.0001 0.961 0.00534 0.0118
Bipolar Velocity LSTM 0.0770 0.0158 0.00211 0.936 0.523 0.835
Bipolar Acceleration LST™M 0.0981 0.0112 <0.0001 0.829 0.0341 0.167
Bipolar Jerk LSTM 0.998 0.991 0.176 0.948 0.179 0.0382
Aspirator Velocity LST™M 0.892 0.0394 0.0175 0.00199 0.000681 0.981
Aspirator Acceleration LSTM 0.826 0.000958 <0.0001 0.00527 <0.0001 0.00845
Aspirator Jerk LSTM 0.914 0.0149 <0.0001 0.0447 <0.0001 0.102
Bipolar- Inter-
Aspirator Irll)sit;'uuirE::t LSTM 0.813 0.00437 <0.0001 0.0259 <0.0001 0.0206
Composite Composite LST™M 0.499 0.0339 <0.0001 0.452 0.00173 0.0607
Microscissors Velocity Transformer 1.000 0.0328 0.000683 0.0122 0.000132 0.382
Microscissors | Acceleration | Transformer 0.966 0.0273 <0.0001 0.0498 <0.0001 0.0102
Microscissors Jerk Transformer 0.999 0.0490 <0.0001 0.0352 <0.0001 0.0518
Bipolar Velocity Transformer 0.484 0.000332 <0.0001 0.0117 0.00310 0.957
Bipolar Acceleration Transformer 0.358 0.00227 0.000660 0.115 0.0420 0.963
Bipolar Jerk Transformer 0.0384 0.000411 <0.0001 0.380 0.0102 0.291
Aspirator Velocity Transformer 0.253 0.0821 0.000222 0.950 0.0303 0.0746
Aspirator Acceleration Transformer 0.0830 0.0168 <0.0001 0.932 0.00186 0.00558
Aspirator Jerk Transformer 0.385 0.617 <0.0001 0.956 0.000415 <0.0001
Bipolar- Inter-
Aspirator h]l)sistrtt;rrrll::t Transformer 0.870 0.0350 0.00131 0.134 0.00534 0.509
Composite Composite Transformer 0.439 <0.0001 <0.0001 0.00399 <0.0001 0.00133
Microscissors Velocity Hybrid 1 0.980 0.00388 <0.0001 0.00489 <0.0001 0.000132
Microscissors | Acceleration Hybrid 1 0.449 0.00761 <0.0001 0.197 <0.0001 <0.0001
Microscissors Jerk Hybrid 1 0.997 0.0605 <0.0001 0.0178 <0.0001 0.0520
Bipolar Velocity Hybrid 1 0.749 0.00182 0.000479 0.0157 0.00416 0.955
Bipolar Acceleration Hybrid 1 0.154 0.000128 <0.0001 0.0411 0.0163 0.979
Bipolar Jerk Hybrid 1 0.0587 0.000141 <0.0001 0.140 0.0123 0.692
Aspirator Velocity Hybrid 1 0.626 0.0249 <0.0001 0.259 0.00140 0.122
Aspirator Acceleration Hybrid 1 0.888 0.0614 0.000321 0.200 0.00105 0.137
Aspirator Jerk Hybrid 1 0.485 0.0317 <0.0001 0.451 0.00213 0.0724
Bipolar- Inter- .
Aspirator llll)sistrtu;f:t Hybrid 1 0.880 0.0144 <0.0001 0.0553 0.000141 0.130
Composite Composite Hybrid 1 0.0451 <0.0001 <0.0001 0.143 <0.0001 0.000112
Microscissors Velocity Hybrid 2 0.959 0.314 0.00364 0.542 0.00662 0.126
Microscissors | Acceleration Hybrid 2 0.996 0.399 0.000327 0.456 0.000180 0.00823
Microscissors Jerk Hybrid 2 0.381 0.117 0.000146 0914 0.00948 0.0329
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Bipolar Velocity Hybrid 2 0.740 0.0531 0.0293 0.318 0.201 0.991

Bipolar Acceleration Hybrid 2 0.0443 0.999 0.998 0.0223 0.00960 0.986

Bipolar Jerk Hybrid 2 0.972 0.347 0.0724 0.538 0.123 0.764
Aspirator Velocity Hybrid 2 0.392 0.0164 0.00136 0.394 0.0649 0.732
Aspirator Acceleration Hybrid 2 0.0257 0.000111 <0.0001 0.250 <0.0001 0.00453
Aspirator Jerk Hybrid 2 0.296 0.0455 0.000350 0.790 0.0344 0.195

Bipol Inter-

1porar- Instrument Hybrid 2 0.937 0.0407 0.00122 0.0995 0.00269 0.448
Aspirator .
Distance

Composite Composite Hybrid 2 0.0778 0.0102 <0.0001 0.868 0.00111 0.00556

A detailed table of the P values associated with the heatmaps shown in Figure 4 (main text). Values represent Tukey-
adjusted P values following ANOVA across expertise levels (expert, senior, junior, novice). Lower values indicate
stronger discrimination between groups. Values in red are significant (P < .05)

Aggregated across the 4-metric configuration (velocity, acceleration, jerk, and bipolar-aspirator distance)
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eTable 4. Model Performance for Predictive Validity of Technical Skill Scores

2)

Model n R? MAE MSE Slope | Intercept
LSTM 25 0234 | 0271 | 0105 | 0076 | -0327
Transformer 25 0.424 0.365 0.168 0.15 —0.577
%)STM'TranSf"rmer (Hybrid | 0231 | 0358 | 0193 | 0103 | -0387
Transformer-LSTM (Hybrid | 0.105 | 0353 | 0177 | 0.061 026

This table summarizes the predictive validity of each Al model across all junior and senior participants (n = 25).

Performance is evaluated using R?, MAE, and MSE. Higher R? and lower MAE/MSE indicate stronger predictive

accuracy, i.e., a stronger alignment between model-derived scores and true training level. The Transformer

architecture demonstrates the best overall predictive validity, achieving the highest R?, indicating superior capture of
skill progression across training years on newly tested data. It also exhibits the steepest slope, reflecting the greatest
incremental improvement in predicted scores per unit increase in training level. Abbreviations: LSTM, long short-

term memory; MAE, mean absolute error; MSE, mean squared error; R?, coefficient of determination.
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eTable 5. Train, Validation, and Test Performance Metrics of EV-ICEMS Models Using a 70/15/15 Split

Hybrid 2
Hybrid 1 (LSTM- (Transformer-
Model LSTM Transformer Transformer) LSTM)

Train MSE 0.860 0.796 0.736 0.800
Train MAE 0.868 0.786 0.691 0.767
Train AUC 0.635 0.718 0.769 0.705
Val MSE 0.914 0.800 0.739 0.958
Val MAE 0.898 0.811 0.730 0.859
Val AUC 0.541 0.705 0.770 0.564
Test MSE 0.897 0.794 0.826 0.855
Test MAE 0.901 0.776 0.756 0.807
Test AUC 0.564 0.719 0.703 0.647
Test Accuracy 0.608 0.711 0.680 0.680

The AI architectures included various measures to prevent overfitting on the training data, such as layers of dropout
regularization and the 70/15/15 training-validation-testing split, in addition to noise filtering in the pre-processing
steps. To further demonstrate generalizability, this table reports training, validation, and test performance metrics
across all four Al architectures (LSTM, Transformer, Hybrid 1, and Hybrid 2). Machine learning performance
metrics include mean squared error (MSE), mean absolute error (MAE), and area under the receiver operating
characteristic curve (AUC), as well as additional test R? (on novices vs. experts from the test set) and classification
test accuracy. These metrics support minimal overfitting and hence, stable generalization. The Transformer
demonstrated the strongest performance, with the lowest test MSE (0.794), lowest test MAE (0.776), and highest
test AUC (0.719) and accuracy (0.711). These findings highlight superior discrimination and generalization on
unseen data from the novice and expert groups. The hybrid models showed comparable but lower performance
metrics, while the LSTM exhibited the weakest performance. These findings support our main results in the paper
and further suggest that our findings highlight interpretable differences in representations of surgical expertise
learned. Abbreviations: LSTM, long short-term memory; MAE, mean absolute error; MSE, mean squared error; R?,
coefficient of determination; AUC, area under the receiver operating characteristic curve.
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eFigure 1. Deep Learning Model Architectures for EV-ICEMS Surgical Expertise Prediction
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}
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}

Batch normalization

!

Dense (32)
ReLU activation
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|

\ Dense (1)

tanh output

Predicted EV-ICEMS score (-1 to 1) - tanh regression
Trial-level predictions averaged per participant — compaosite score

Layer Type Legend
Regularization (dropout - batch norm - layer

Recurrent (LSTM) | Attention (multi-head self-attention) Dense/projection (ReLU) norm)
Qutput | Transformer encoder block (dashed) = MHA + dropout + FF + residual + layer norm + dropout

All models process sequential time-series kinematic data sampled at 0.1 s intervals (10 Hz), including velocity,
acceleration, and jerk across all instrument channels, alongside bipolar-aspirator inter-instrument distance. (A)
LSTM (baseline): a single recurrent layer (128 units) followed by batch normalization and a dense regression head
(32-ReLU, 1-tanh) with 30% dropout for regularization. (B) Transformer: an input projection (Dense 64) with
learnable positional embeddings feeds two stacked encoder blocks, each comprising multi-head self-attention layers
(4 heads, key _dim = 32), feed-forward layers with residual connections and layer normalization, and 30% dropout
before the final regression scoring. (C) LSTM-Transformer (Hybrid 1): sequential temporal dependencies are first
captured by an LSTM unit and subsequently passed through a Transformer encoder block to compute the final
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regression scores. (D) Transformer-LSTM (Hybrid 2): attention-based global feature unit (Transformer encoder
block) precedes an LSTM architecture, and the LSTM unit computes the final regression scores. All models apply
30% dropout within specific layers to prevent overfitting and enhance generalizability. Output scores range from —1
(novice) to 1 (expert). All models were trained identically with identical learning rates and similar hyperparameters
(Adam, Ir = 1x10-, MSE loss, early stopping, etc.) on expert and novice labels with 70/15/15 train/validation/test
splits stratified by participant. Transformer refers to a self-attention—based sequence of model architecture. Dense
denotes a fully connected neural network layer. Positional embeddings denote positional encodings added to input
sequences. key dim denotes key dimensionality in attention mechanisms. GlobalAveragePooling1D denotes global
average pooling over temporal sequences. Dropout denotes stochastic regularization by randomly dropping units.
Batch normalization denotes normalization of layer inputs during training. Abbreviations: LSTM, long short-term
memory; ReLU, rectified linear unit; tanh, hyperbolic tangent; MHA, multi-head attention; FF, feed-forward;
ICEMS, Intelligent Continuous Expertise Monitoring System.
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APPENDIX B - Filters Analysis

SavitzkyGolay - LSTM

Predictive Validity - Filters x Models
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eFigure 2. Predictive Validity Across Signal Filters and AI Architectures.

Year of Training

Year of Training

Year of Training

Year of Training

Comparison of predictive validity across four distinct preprocessing filters and our Al model architectures. The
Butterworth filter shows the strongest predictive validity, with the strongest predictive accuracy as denoted by the
highest R? values across year of training, particularly for the Transformer and hybrid 1 models. In contrast,
Savitzky—Golay, Moving Average, and Gaussian filtering generally show weaker or less consistent predictive

trends.
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Filter Model AUC R2 MAE MSE Slope | CI_Low | CI_High

MovingAverage | Transformer | 0.698 0.080 0.201 0.067 -0.032 -0.080 0.015
Gaussian Transformer | 0.679 0.005 0.182 0.079 0.009 -0.043 0.060
MovingAverage Hybrid 2 0.676 0.008 0.158 0.060 0.010 -0.035 0.054
SavitzkyGolay Hybrid 2 0.660 0.006 0.200 0.105 0.010 -0.049 0.070
MovingAverage LSTM 0.657 0.080 0.292 0.143 0.048 -0.022 0.117
SavitzkyGolay LSTM 0.637 0.135 0.233 0.107 0.055 -0.005 0.115
Gaussian Hybrid 2 0.630 0.003 0.161 0.075 -0.006 -0.056 0.044
SavitzkyGolay Hybrid 1 0.630 0.055 0.208 0.075 0.028 -0.022 0.079
SavitzkyGolay Transformer | 0.624 0.001 0.234 0.089 -0.005 -0.059 0.050
MovingAverage Hybrid 1 0.590 0.395 0.215 0.075 0.094 0.044 0.145
Gaussian LSTM 0.583 0.003 0.202 0.092 0.007 -0.049 0.063
Gaussian Hybrid 1 0.525 0.110 0.216 0.097 0.047 -0.011 0.104

eTable 5. Comparative Predictive Performance of Non-Butterworth Filters Across Al

Architectures. This table summarizes the predictive performance of the non-Butterworth preprocessing filters
across four Al model architectures using discrimination and regression-based validity metrics, including AUC, R?,
MAE, MSE, slope, and slope confidence intervals. Following Butterworth, the strongest filter in terms of expert-
versus-novice discrimination by AUC during the training phase is Moving Average, which contains the top non-
Butterworth AUC values, led by the Transformer (AUC = 0.6981) and closely followed by Hybrid 2 (AUC =
0.6756) and LSTM (AUC = 0.6569). However, the non-Butterworth filters show weaker predictive validity, with
generally lower slopes and less consistent regression across year of training compared with Butterworth. A notable
exception is Hybrid 1 with Moving Average, which shows comparatively strong regression-based performance with
the highest R?> among these filters (0.3951) and a positive slope, suggesting that this filter-model combination
captures training-related signal reasonably well although not as optimal.
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APPENDIX C — Neural Network Architecture, Weights, and Feature Analysis
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eFigure 3. Integrated gradient attribution and salience weight profiles learned by the

LSTM and Transformer models from ex vivo subpial resection time-series data. A-B, LSTM
temporal integrated gradient heatmap and corresponding metric-level salience weights. C—D, Transformer temporal
integrated-gradient heatmap and corresponding metric-level salience weights. The heatmaps show when each
kinematic tool-metric contributed most strongly across time (in Al model training), while the bar plots quantify the
feature importance. The LSTM emphasized late-window instrument separation distance, aspirator jerk, and bipolar
jerk, whereas the Transformer showed stronger patterns of gradient salience and learning across bipolar jerk,
aspirator jerk/acceleration, and scissor jerk throughout the whole process of training.

The Transformer pattern is consistent with parallel attention-based processing. Instead of concentrating importance
only at the final time points like LSTM (sequential bias), it shows more distributed, continuous activation across
multiple kinematic channels, suggesting the model learned long-range temporal interdependencies and feature
interactions across the full subpial resection sequence. In contrast, the LSTM appears more end-weighted, consistent
with recurrent memory accumulation and stronger late-window dependence. These salience maps, integrated
gradients, decoder/regression weights, and input—output attribution profiles provide an explainable-Al view of
representation learning. They show which tool-metric signals the models used, not just whether the models
predicted well.
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eFigure 4. Architecture Layer-wise explainability maps for the Hybrid 1 and Hybrid 2 models.
These layer activation maps show the learned weight structure across the input layer encoding, core sequence-
processing, and output regression layers of the two hybrid models. A—C show Hybrid 1, including the input
projection layer, an internal attention block, and the final output dense layer. D-F show Hybrid 2, including the first
LSTM layer as the input-side sequential encoder, an internal attention block, and the final output dense layer. These
network layer maps demonstrate that learning is distributed across the full network rather than being confined to a
single layer, supporting end-to-end representation learning and explainable Al interpretability. The self-organized
bands, gradients, and feature-specific variation suggest these are data-driven, learned patterns.
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