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Abstract

Artificial intelligence (Al) is reshaping surgical education. This article summarises recent developments across simulation, assessment

and recruitment. It also examines the barriers and governance challenges of implementation, and considers emerging technologies such

as digital twins, generative Al and intra-operative decision-support that are likely to shape the future of surgical training.
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1. Introduction

Surgical training has moved away from the tradi-
tional apprenticeship model towards competency-based and
simulation-supported curricula [1,2]. This shift reflects
both opportunity and necessity. Various factors, such as an
ageing population and increasing burden of surgical disease
versus the need for high-quality care within restricted the-
atre time, have challenged conventional experiential learn-
ing. In the United Kingdom, the introduction of the Eu-
ropean Working Time Directive significantly changed the
delivery of surgical training with increased emphasis on ac-
countability and transparency [3]. The duration of surgical
training is now shorter with increased service provision and
significantly reduced training time. Thus, there has been a
need to change the way surgical training is delivered [4].

Despite subsequent reforms, contemporary studies
continue to highlight persistent constraints on operative
exposure, increasing service pressures, and the need for
more efficient and structured approaches to surgical train-
ing [5,6].

Simulation centres, skills laboratories, and struc-
tured assessment frameworks such as the Objective Struc-
tured Assessment of Technical Skills (OSATS), alongside
workplace-based assessments within the Intercollegiate
Surgical Curriculum Programme (ISCP), have brought
greater consistency and objectivity to surgical training [1].
However, challenges to the effectiveness of workplace-
based assessments include adequate time, adapting to dif-
ferent learning needs and effective feedback. In this con-
text, artificial intelligence (AI) offers unique potential.
Through machine learning, computer vision, and natural
language processing, Al can analyse complex procedural
data, quantify performance, and deliver real-time, standard-
ised feedback at scale [7,8]. Al operationalises this by con-

verting rich multimodal data (video, kinematics, force) into
interpretable metrics and targeted feedback.

Although Al has already demonstrated transformative
value in diagnostic imaging, pathology, and clinical deci-
sion support, its integration into surgical education has been
more measured [9]. This caution arises from various fac-
tors such as algorithmic transparency, governance, inher-
ent difficulty of modelling human tissue handling and intra-
operative decision-making [10,11]. Nevertheless, early ap-
plications of Al in simulation, automated skill assessment,
and intelligent tutoring have shown promising results, de-
livering consistent, objective feedback that augments rather
than replaces expert mentorship [12,13].

This article is intended as a narrative education and
training update rather than a formal systematic review.
The literature was identified through targeted searches
of PubMed (https://pubmed.ncbi.nlm.nih.gov/) and Google
Scholar (https://scholar.google.com/), focusing on English-
language publications from approximately 2015 to 2025
relating to artificial intelligence in surgical education,
simulation, assessment, and training governance. Key
search terms included combinations of “artificial intelli-

CEINNT3

gence”, “machine learning”, “surgical training”, “simula-
tion”, “skill assessment”, and “education”. Reference lists
of relevant reviews and seminal articles were also screened
to identify additional pertinent studies. The aim was to pro-
vide a balanced, representative overview of established and
emerging applications rather than an exhaustive synthesis

of all available evidence.

2. Understanding Al in Surgical Training

Al refers to computer systems that can analyse infor-
mation, recognise patterns, and make decisions or recom-
mendations with varying degrees of autonomy, often emu-
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Fig. 1. Core artificial intelligence (AI) domains and their applications in surgical education. Figure created using Lucidchart (Lucid

Software Inc., South Jordan, UT, USA).

lating aspects of human reasoning and learning. In surgical
education, Al is increasingly used to analyse operative per-
formance, enhance simulation-based learning, and provide
structured, objective feedback in real-time.

2.1 Components of Al in Surgical Training

Several key domains of Al are particularly relevant to
surgical training (Fig. 1). These areas and their specific ap-
plications are summarised in Table | (Ref. [6,14—18]).

2.2 Algorithmic Feedback and Explainability in AI Models

Al models can be broadly categorised by how they
process data and communicate their reasoning. Black-box
Al models generate outputs without revealing their reason-
ing, limiting interpretability and user trust. In contrast, ex-
plainable Al models reveal the variables influencing a deci-
sion [10,19]. For example, real-world applications, such as
the Virtual Operative Assistant, provide interpretable dash-
boards that map instrument motion and feedback metrics to
specific surgical actions [13]. Fig. 2 illustrates how such

models enhance educational value by linking algorithmic
feedback to observable surgical resident actions.

Surveys suggest that residents perceive interpretable
feedback as more credible and motivating than opaque nu-
meric scores [20]. Indeed, this transparency supports re-
flection, accountability, and sustained skill development.

2.3 Al Applications for Surgical Training

Al is now integrated across diverse surgical train-
ing settings, each characterised by distinct data sources,
fidelity, and analytical potential [21,22].  Virtual and
augmented-reality simulators recreate operative environ-
ments in which algorithms can quantify motion metrics
and adjust task difficulty in real-time. Robotic and mini-
mally invasive platforms capture high-resolution kinematic
and haptic feedback data ideal for machine-learning analy-
sis, enabling continuous performance monitoring. In con-
trast, open surgical training increasingly relies on wearable
sensors, optical tracking, and video capture to assess er-
gonomics and manual dexterity. These complementary en-
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Table 1. Core domains of Al and their applications in surgical education.

Al domain Function Application in surgical training Example references
Machine learning Learns patterns from structured data  Gesture recognition, skill scoring,  Azari et al., 2019 [14]
to classify or predict outcomes performance benchmarking
Deep learning Uses neural networks to analyse com-  Automatic skill grading from en-  Ward et al., 2021 [16]
plex visual/motion data doscopic video or motion sensors
Computer vision Enables interpretation of images and  Phase recognition, instrument Kitaguchi et al., 2021 [18];
videos tracking, motion analysis Igaki et al., 2023 [15]

Natural language pro- Processes and generates human lan-  Automated feedback, viva simu-  Leon et al., 2025 [6]

cessing guage lation, report analysis

Generative Al/Large  Produces new data (text, images, dia-  Interactive tutoring, personalised =~ Mason et al., 2025 [17]

language models logue) from learned patterns debriefing, training chatbots
Black-box Al models Explainable Al models
Input data Input data
(video, kinematics, (video, kinematics,
force) force)
Al model Al model with
(opaque processing) interpretable features

Key features visible (e.g. motion

Decision logic not visible o
smoothness, efficiency)

Output score Actionable feedback
(global performance (task-specific
metric) insights)

Educational implications

e Transparent, task-linked feedback
e Supports reflection and learning

« Facilitates faculty supervision

» Promotes deliberate skill
development

Educational implications

e Limited insight into performance

e Reduced trainee trust

« Difficult to support reflection

« Risk of over-reliance and deskilling

Fig. 2. Comparison between black-box and explainable AI models in surgical education. Figure created using Lucidchart (Lucid
Software Inc., South Jordan, UT, USA).

vironments collectively generate the multimodal datasets While the technical foundations and applications of Al
that underpin Al-based feedback and assessment systems. are increasingly well described, successful adoption within
surgical education requires careful translation from resear-
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Table 2. Al applications in surgical training: data sources, educational function, evidence maturity, and limitations.

Al application area

Surgical context Primary data source

Educational function

Evidence maturity

Key limitations

Key references

Technical skill assess- Robotic surgery Console telemetry, operative Automated skill scoring, forma- Advanced Proprietary platforms; lim- Moglia et al., 2021 [24]; Pe-
ment video tive feedback ited cross-system generalis- drett et al., 2023 [8]; Igaki et
ability al., 2023 [15]
Technical simulation Laparoscopic surgery Endoscopic video, motion Real-time feedback, proficiency- Moderate Variable camera views; anno- Kirubarajan et al., 2022 [7];
tracking based training tation burden Cacciamani et al., 2021 [26];
Yilmaz et al., 2024 [12]
Open surgery assessment  Open procedures Optical tracking, wearable Motion analysis, ergonomic feed- Early Limited datasets; lack of Hamzaetal., 2025 [23]; Singh
sensors, force data back standardisation etal., 2024 [27]
Cognitive and decision- High-risk surgery (e.g., neu- Imaging, physiological data, Decision-making, crisis manage- Moderate Scenario  generalisability; Mirchi et al., 2020 [13]; Lof-
making simulation rosurgery, cardiac surgery) scenario logs ment training complex validation tus et al., 2020 [25]; Leon et
al., 2025 [6]
Video-based surgical an- Multi-specialty Operative video Phase recognition, benchmark- Moderate Labour-intensive annotation; Kitaguchi et al., 2021 [18];

alytics

ing, coaching

context dependence

Ward et al., 2021 [16]

Evidence maturity reflects the level of educational evaluation reported in the literature (early: feasibility or single-centre studies; moderate: construct validity or novice—expert discrimination; advanced: external

validation or widespread educational deployment).


https://www.imrpress.com

Table 3. Examples of Al-supported cognitive and decision-making simulation in surgical education.

Context/training scenario

Al technology/model

Primary function

Educational application

Resuscitation and crisis

management

Reinforcement-learning  algo-

rithms integrated with high-

fidelity manikins

Analyses real-time physiological
data and trainee responses to
guide optimal interventions

Dynamic resuscitation drills (e.g.,
massive haemorrhage, cardiac arrest)
with adaptive feedback on timing and
prioritisation

Peri-operative  decision-

making

Probabilistic/predictive Al mod-

els

Estimates intra-operative risk and

suggests management pathways

Teaching intra-operative judgement,
anticipating complications, and bal-

ancing risk

Diagnostic reasoning

Deep-learning models trained on

imaging and case data

Generates differential diagnoses
and outcome probabilities

Case-based simulation to train analyt-

ical reasoning and pattern recognition

Team communication and
cognitive load

Natural-language processing

(NLP) and sentiment analysis

Analyses verbal exchanges and
response latency during simulated

Feedback on teamwork, closed-loop

communication, and stress response

crises
Interactive debriefing and Large-language-model (LLM)- Transcribes, summarises, and Post-simulation debriefs and viva-
reflection based conversational agents contextualises trainer feedback style questioning integrating cogni-
(e.g., generative pre-trained tive and communication skills

transformer 5 (GPT-5))

ch development to real-world training environments. Fig. 3
outlines a staged implementation pathway for Al inte-
gration into surgical education, highlighting key decision
points, stakeholder roles, and the importance of continuous
outcome monitoring.

3. Al in Surgical Simulation

Simulation is now an essential component of surgical
education, providing a safe environment for deliberate prac-
tice, error correction, and assessment. This encompasses a
range of modalities, including virtual and augmented real-
ity systems, mixed-reality and haptic interfaces, and physi-
cal or “organic” models that replicate operative anatomy to
varying degrees of fidelity. In contrast to traditional simula-
tions, Al platforms not only facilitate adaptations to learner
performance but may more consistently quantify behaviour
automatically, alongside providing real-time targeted feed-
back. Table 2 (Ref. [6-8,12,13,15,16,18,23-27]) sum-
marises key applications of Al in surgical training, high-
lighting surgical context, primary data sources, educational
function, evidence maturity, and current limitations.

3.1 Technical Simulation and Skill Acquisition

Over the past five years, interest in Al-enhanced sur-
gical simulation has increased substantially, with over a
dozen primary studies and several systematic reviews eval-
uating feasibility, accuracy, and educational value [5,7,8].
In a randomised controlled trial of 97 trainees performing
simulated brain tumour resection, Yilmaz et al. [12] found
that participants receiving Al feedback outperformed the
expert-instructed group (p = 0.005) while achieving signif-
icantly higher OSATS scores than those without feedback
(p < 0.001). Similarly, Fazlollahi et al. [28] demonstrated
accelerated proficiency in laparoscopic suturing with struc-
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tured Al guidance. Systematic reviews confirm the relia-
bility of Al-based feedback, showing moderate-to-high ac-
curacy for skill grading and differentiation between novice
and expert performance [7,8].

Al applications in surgical simulation vary by proce-
dural setting, influenced by the type and quality of data
available for analysis. Minimally invasive and robotic
surgery remain the most studied due to readily accessible
kinematic and video inputs, whereas open surgery still faces
challenges in data acquisition and standardisation.

The educational advantage of using Al lies in its objec-
tivity and adaptability. Continuous, quantitative feedback
eliminates inter-observer variability and supports tailored
progression so that trainees neither plateau nor advance pre-
maturely while performing simple tasks [6]. Simulation fi-
delity is also important. Park et al. [22] demonstrated that
combining realistic haptic interfaces with adaptive Al feed-
back improved operative skill transfer, while Hamza et al.
[23] noted that tactile realism influences trainee trust in Al-
guided systems. However, the design of such systems is
critical. Al-supported simulation should prioritise forma-
tive feedback that encourages reflection and independent
problem-solving, rather than continuous prescriptive guid-
ance that risks promoting cognitive offloading.

Al platforms should complement, not replace, human
mentorship. Hybrid models, where Al delivers continuous
formative feedback and instructors focus on higher-order
reasoning, offer the optimal balance [21]. Nakawala et al.
[29] demonstrated this synergy in a thoracentesis simula-
tor where Al guided technical steps while faculty provided
contextual discussion, resulting in the greatest performance
and confidence gains. These hybrid frameworks preserve
key aspects of mentorship, including clinical judgement,
decision-making, and professionalism.
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Table 4. Commercial platforms incorporating Al into surgical simulation and assessment.

System Primary function Al features Educational application
Touch surgery Mobile and web-based sur- Uses Al to analyse user performance, Step-by-step procedural training across
gical simulation track progress, and deliver real-time adap- multiple specialties
tive feedback
Osso VR Virtual reality (VR) surgical Al-powered real-time performance met- Immersive simulation for technical skill

simulation

rics and personalised feedback

acquisition in a risk-free environment

Mimic technologies Robotic skills simulator (da

Vinci Skills Simulator)

Al algorithms evaluate dexterity, preci-
sion, and efficiency

Objective performance assessment in
robotic surgery training

Surgical science (Lap-
Sim/EndoSim)

Laparoscopic and endo-

scopic simulation

Real-time Al feedback and performance

tracking

Objective assessment and progress moni-

toring in minimally invasive surgery

C-SATS (Johnson &
Johnson)

Cloud-based video review
and assessment

Combines Al analytics with peer review to
score surgical performance

Continuous learning and benchmarking
across surgical specialties

Theator Video-based surgical ana-

lytics

Computer vision annotates operative

phases and benchmarks performance

Al-driven feedback and quality improve-

ment through surgical video analysis

C-SATS, Crowd-Sourced Assessment of Technical Skills.

One of the most promising frontiers is the develop-
ment of digital twins; dynamic, data-driven models that
mirror a real surgical environment or individual learner
[30]. In education, digital twins could replicate patient
anatomy, procedural flow, and intra-operative responses to
create fully personalised simulations. Real-time integration
of operative video, motion data, and performance analyt-
ics would allow adaptive scenarios that evolve according to
trainee decisions, effectively creating a “living simulator”
[31]. These systems could eventually predict learning tra-
jectories, highlight emerging skill gaps, and tailor training
before deficiencies impact clinical performance.

3.2 Cognitive and Decision-Making Simulation

Beyond technical skill, surgical excellence depends
on cognitive abilities such as reasoning, anticipation, and
decision-making under pressure. Al now enables struc-
tured cognitive simulation that integrates multimodal data
such as imaging, vital signs, and operative videos to cre-
ate dynamic and adaptive scenarios. These systems can
model clinical uncertainty, prompt management decisions,
and provide outcome-based feedback, supporting skills in
crisis management and situational awareness. Table 3 sum-
marises current and emerging examples of Al-supported
cognitive and decision-making training across surgical and
peri-operative contexts.

Advances in generative Al are also set to transform
how surgical knowledge is delivered. Natural-language
models can generate interactive case discussions, person-
alised feedback dialogues, and context-specific teaching
materials. When combined with operative datasets, gen-
erative systems could summarise surgical videos, extract
key learning points, and simulate viva-style questioning, of-
fering scalable mentorship beyond the operating room [6].
However, careful validation is essential to prevent misin-

formation, ensure alignment with accredited curricula, and
maintain factual accuracy.

3.3 Commercial Platforms

Several commercial platforms have now incorporated
Al into surgical simulation, demonstrating its transition
from research to practical education. Table 4 summarises
key commercial platforms that have incorporated Al into
surgical simulation and assessment, illustrating how these
technologies are beginning to move from research valida-
tion to practical educational deployment.

Simulation provides a controlled environment for de-
veloping technical and cognitive skills. Its educational
value, however, depends on how performance is mea-
sured and interpreted. As surgical training moves toward
competency-based models, there is a growing need for as-
sessment tools that can objectively quantify skill and track
progression over time. This underpins the expanding role
of Al in surgical assessment.

4. Al in Surgical Assessment
4.1 Assessment Tools

Objective evaluation of surgical performance is cen-
tral to competency-based training. Traditional frameworks
such as the Objective Structured Assessment of Technical
Skills (OSATS) and the Global Evaluative Assessment of
Robotic Skills (GEARS) rely on expert observation and
may be limited by subjectivity, inter-rater variability, and
the time burden on faculty [1,2]. Al offers a scalable, data-
driven adjunct capable of continuously recording, quanti-
fying, and benchmarking performance from video, motion,
and haptic data. Its key advantages include greater objectiv-
ity, consistency, and reproducibility. Al also has the ability
to visualise individual learning curves and detect latent per-
formance markers such as tremor frequency or motion en-
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tropy, that may capture technical dexterity more accurately
than checklist-based assessments [21]. However, important
challenges remain. Algorithms trained on small or homo-
geneous datasets may fail to generalise across instruments,
procedures, or institutions. This underscores the need for
multi-centre validation, standardised benchmarking frame-
works, and transparent models that can be safely interpreted
by educators and trainees.

Al-based systems typically use computer vision or
kinematic analytics to evaluate operative performance.
Computer vision models interpret video to identify ges-
tures, instrument trajectories, and tissue-handling quality,
while kinematic systems use robotic telemetry or sensorised
instruments to measure path length, velocity, and motion
smoothness. Early studies demonstrated that such algo-
rithms can reliably distinguish expert from novice sur-
geons. Aczari et al. [14] reported that an automated OS-
ATS surrogate achieved a correlation coefficient of R? ~
0.81, exceeding human inter-rater reliability. On the other
hand, Fard et al. [32] classified expertise across sutur-
ing and knot-tying tasks with 82-90% accuracy. Subse-
quent deep-learning approaches have extended these find-
ings. Yanagida et al. [33] achieved over 80% accuracy
for gesture recognition in laparoscopic cholecystectomy,
and Igaki et al. [15] developed a “standardised surgical
field” confidence score in colorectal surgery that correlated
strongly with expert ratings (p = 0.81) and detected subop-
timal cases with over 90% sensitivity.

Kirubarajan et al. [7] reviewed 49 studies showing
consistent success in automated skill discrimination, while
Pedrett et al. [8] evaluated 50 minimally invasive models
and found high construct validity but limited external vali-
dation, with only 8% tested outside their original datasets.
Over the past five years, over 50 papers and several system-
atic reviews have explored automated surgical skill assess-
ment across general surgery, urology, neurosurgery, and
cardiovascular surgery [5,7,8,23]. Mostresearch focuses on
minimally invasive and robotic platforms, where rich kine-
matic and video data are readily available, whereas appli-
cations in open surgery remain comparatively limited.

4.2 Feedback and Application

Al-driven assessment can provide real-time, inter-
pretable feedback that supports both individual and cohort-
level learning. By quantifying performance metrics, these
systems generate actionable insights that can guide self-
directed improvement and targeted faculty feedback. For
instance, Kasa et al. [34] evaluated 72 general-surgical
trainees performing laparoscopic simulation tasks and
found a strong correlation between Al-generated and ex-
pert ratings (mean Spearman r = 0.67), particularly for end-
product quality. Such analytics enable educators to monitor
progression longitudinally, identify outliers, and direct tai-
lored support where needed.

Beyond individual performance review, Al systems
are now being explored for group-level benchmarking and
formative progression monitoring. Several centres have
trialled Al-integrated modules, such as the da vinci re-
search kit, which uses robotic telemetry and video data
for automated assessment within structured curricula [24].
However, national training bodies have yet to adopt Al-
generated assessments for certification purposes, and most
systems remain primarily formative under faculty supervi-
sion.

Similarly, in assessment settings, Al tools should be
used to support reflection and targeted improvement. They
should not replace critical judgment. Excessive reliance on
automated scoring may risk deskilling and reduced situa-
tional awareness.

While early outcomes are encouraging, successful in-
tegration of Al-based feedback into surgical education will
depend on transparent validation, explainable outputs, and
robust ethical standards governing data security, consent,
and feedback use. The transition from formative to summa-
tive application will require alignment between technolog-
ical capability and regulatory oversight to ensure fairness,
accountability, and educational benefit.

The next stage of development will be real-time
human-AI collaboration. Intra-operative decision-support
tools are already assisting with anatomical recognition, in-
strument tracking, and error detection. These same tech-
nologies could be repurposed for education, overlaying ex-
pert annotations or safety prompts during supervised proce-
dures to create context-aware, in-the-moment learning ex-
periences [35]. As these systems mature, they may enable
trainees to observe and internalise expert reasoning in real-
time.

Al is increasingly used to assess performance within
surgical training programmes. Similar analytic approaches
are now being explored earlier in the educational pathway.
This includes their potential role in recruitment and trainee
selection.

5. Al in Recruitment and Selection

Beyond assessing performance within training, Al
is increasingly being explored to support recruitment and
trainee selection. These applications aim to enhance effi-
ciency, transparency, and fairness, though they introduce
new ethical and practical challenges.

Algorithms can automatically process large applicant
pools, extract quantitative metrics such as academic perfor-
mance, examination results, and publication history, and as-
sist in ranking or shortlisting candidates [25]. However, Al-
generated and human-derived rankings may differ substan-
tially. Hassan et al. [36] compared an Al-assisted residency
ranking with selections made by programme directors and
found only 7% consensus. The Al system weighted ob-
jective metrics more heavily, inadvertently favouring can-
didates from research-intensive institutions. This diver-
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gence underscores the potential for both bias and over-
standardisation if models are trained on incomplete or his-
torically skewed datasets [11]. As illustrated in Fig. 4, bias
can arise at any stage of the recruitment data pipeline, un-
derscoring the need for transparency, validation, and con-
tinuous human oversight. Equally, core attributes to surgi-
cal training, such as teamwork, professionalism, empathy,
and adaptability, remain difficult to measure [6].

In parallel, the increasing availability of generative Al
tools introduces additional challenges for recruitment pro-
cesses. A recent concern is the use of generative Al by ap-
plicants themselves. Large language model tools can now
draft personal statements, optimise written assessments,
and simulate interview answers, creating inequities linked
to digital literacy and access [37]. This is a significant
concern as many recruitment processes now occur online.
Several UK training bodies, such as the General Medical
Council and the UK Foundation Programme Office, have
issued guidance to candidates discouraging undisclosed use
of generative Al in applications and emphasising the impor-
tance of structured interviews that assess real-time reason-
ing [5].

Ethical and legal considerations are integral to the re-
sponsible use of Al in recruitment. Black-box screening
tools complicate contestability and undermine candidate
confidence in the selection process [10]. Institutions must
therefore ensure compliance with equal opportunity, data
protection, and employment law frameworks [38]. There
should also be transparency in how algorithms are utilised
within the recruitment process, as well as ongoing gover-
nance [39,40].

Ultimately, Al should serve as a decision-support tool
rather than a decision-maker. Transparent algorithms, rou-
tine bias audits, applicant disclosure policies, and retained
human accountability will be essential to ensure that Al-
assisted recruitment complements the core values of sur-
gical education - equity, integrity, and professional judge-
ment.

6. Ethical, Legal, and Governance
Considerations in AI-Driven Surgical
Education

The integration of Al into surgical education of-
fers significant opportunities for objective, personalised
learning but also raises essential concerns regarding trans-
parency, fairness, and accountability [41]. A major limita-
tion lies in the datasets on which these systems are trained.
Small, homogeneous, or Western-centric data risk propa-
gating bias that disadvantages certain operative techniques,
trainee demographics, or institutional contexts. As high-
lighted by Johnson-Mann et al. [42], most existing sur-
gical datasets originate from high-income countries, re-
stricting model generalisability. Incorporating diverse data
from low- and middle-income settings is therefore crucial
to avoid embedding structural inequities and to ensure Al-
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driven training tools remain equitable, representative, and
applicable across the global surgical workforce [11].

Several practical approaches are being used to address
concerns around dataset homogeneity in surgical AL. One
strategy involves multi-institutional collaboration, where
data from different hospitals and training centres are com-
bined to capture wider variation in case mix, technique, and
clinical context, thereby improving generalisability [43].
Another approach is federated learning, which allows Al
models to be trained across multiple institutions without
sharing raw patient data, helping to improve model perfor-
mance while maintaining data governance and confidential-
ity [44]. In addition, the development of open, annotated
surgical video and kinematic datasets has supported trans-
parent benchmarking and external validation of Al systems
used for training and assessment [45]. Together, these ap-
proaches offer realistic pathways toward more diverse and
representative datasets while remaining consistent with eth-
ical and regulatory requirements. In practice, these data
strategies are most effective when embedded within institu-
tional governance structures that provide multidisciplinary
oversight, define educator accountability for Al-generated
feedback, and ensure transparent consent and audit pro-
cesses prior to educational deployment.

The growing adoption of commercial Al platforms
within surgical training further underscores the importance
of ethical oversight. As Varas et al. [46] note, systems
such as Theator, Touch Surgery, and Crowd-Sourced As-
sessment of Technical Skills (C-SATS) now employ au-
tomated video analytics and algorithmic scoring at scale,
raising critical questions regarding consent, data owner-
ship, and accountability for generated feedback. Without
transparent governance and clearly defined responsibilities,
algorithmic bias or misclassification could propagate into
real-world trainee assessment. These examples highlight
the need for proactive regulation and standardised valida-
tion frameworks before widespread curricular adoption.

Over-reliance on automation poses another ethical
challenge. Continuous Al guidance may encourage “cog-
nitive offloading”, reducing independent reasoning and sit-
uational awareness [47]. Studies in endoscopy have shown
performance decline when Al assistance is withdrawn, un-
derscoring the need for deliberate Al-free practice and re-
flective debriefing to preserve manual and cognitive skill
[48].

Governance frameworks must evolve in parallel with
innovation. Institutions should implement robust policies
on data ownership, consent, and security to protect both
trainee and patient information [45,49]. Algorithms used
for assessment should be used in conjunction with other
assessment tools and human oversight, with final account-
ability resting on educators and training committees [48].
Oversight by dedicated Al ethics committees and align-
ment with emerging professional guidance—such as from
the Royal College of Surgeons of England [50]—can en-
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sure transparency, validation, and fairness as these systems
move from research to clinical curricula.

Ultimately, the ethical deployment of Al in surgi-
cal training must rely on human-centred governance: sys-
tems ought to remain transparent, explainable, fair, and re-
versible. When coupled with responsible oversight, Al can
enhance—rather than erode—the moral and professional
foundations upon which surgical education is built.

Importantly, the adoption and educational utility of Al
are not uniform across surgical specialties. Fields charac-
terised by high procedural standardisation and digitally rich
operative platforms, such as robotic urology and minimally
invasive surgery, have been early adopters of Al-enabled
simulation and automated performance assessment, sup-
ported by high-fidelity video and kinematic telemetry [8,
26,34]. In contrast, specialties dominated by open tech-
niques or complex, variable anatomy face greater chal-
lenges in data capture, annotation, and model generalis-
ability, limiting the maturity of Al-based assessment tools
[23]. Image-intensive and high-risk disciplines, including
neurosurgery and cardiac surgery, have prioritised applica-
tions in pre-operative planning, cognitive simulation, and
decision-support, where validation thresholds and safety
requirements are particularly stringent [12,13,25]. These
examples are illustrative rather than exhaustive but high-
light the need for specialty-sensitive development, valida-
tion, and governance frameworks when integrating Al into
surgical training [7,16].

The adoption of artificial intelligence in surgical train-
ing is influenced not only by technical performance but also
by educator and trainee perceptions. Survey-based studies
suggest that both groups recognise the potential benefits
of Al-enabled simulation and assessment, particularly in
improving objectivity, standardisation, and access to feed-
back. However, concerns persist regarding algorithmic
transparency, over-reliance on automated scoring, and the
risk of deskilling if Al tools are not appropriately integrated
within existing mentorship structures [13,20]. Educators
have highlighted uncertainty around accountability for Al-
generated feedback and the need for faculty development in
Al literacy, while trainees tend to value consistency and im-
mediacy of feedback but express lower trust in opaque sys-
tems [6,16]. These findings emphasise that successful im-
plementation requires not only technical validation but also
attention to human factors, clear communication of system
limitations, and alignment with curricular goals.

7. Conclusion

Al is becoming an integral component of surgical
training, offering new ways to analyse performance, struc-
ture feedback, and enhance simulation-based learning. Its
successful integration, however, depends on transparent al-
gorithms, diverse datasets, and robust governance to ensure
fairness and educational value. Human mentorship, profes-
sional judgement and contextual decision-making remain
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central to training and must continue to frame where and
how AI is used. Key questions now concern which tasks
should be augmented, who should oversee Al-generated
feedback, and how these tools can be implemented across
different training contexts. Future developments in surgi-
cal education are likely to be shaped by the convergence
of Al with immersive technologies and digital connectiv-
ity. Integration of Al with extended reality platforms may
enable adaptive simulation environments that respond dy-
namically to trainee performance, supporting personalised
rehearsal and targeted skill development. In parallel, ad-
vances in low-latency connectivity and remote telementor-
ing offer opportunities for Al-assisted supervision and feed-
back beyond the physical training centre, extending access
to expertise while preserving local oversight. As longitu-
dinal performance data accumulate across simulations and
clinical activity, Al systems may increasingly support per-
sonalised learning trajectories that adapt training intensity,
content, and feedback to individual progress over time. Re-
alising this potential will depend on careful validation, gov-
ernance, and alignment with educational objectives, ensur-
ing that innovation enhances rather than fragments surgical
training pathways. Continued collaboration between edu-
cators, trainees, technologists, and regulators will be essen-
tial to ensure safe and equitable adoption.

Key Points

* Al is redefining surgical education by enabling ob-
jective, data-driven, and personalised learning that en-
hances rather than replaces traditional mentorship models.

¢ Al-driven simulation, integrating both technical and
cognitive training, provides adaptive, real-time feedback
that accelerates skill acquisition and supports tailored pro-
gression across varied surgical environments.

* Automated skill and trainee assessment systems
demonstrate expert-level accuracy and scalability but re-
quire broader validation and standardisation before integra-
tion into formal certification frameworks.

¢ Ethical and governance safeguards - including ex-
plainable algorithms, diverse datasets, and transparent
oversight - are essential to maintain fairness, accountabil-
ity, and trust in educational use.

* Emerging technologies such as digital twins, gener-
ative Al, and intra-operative decision-support systems will
link training with live surgical practice, fostering adaptive
and continuous professional learning.
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