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Introduction: Artificial intelligence (AI) and machine learning (ML) are increasingly used in neurosurgical education 
to mitigate limitations of apprenticeship-based training (restricted operative exposure, duty-hour constraints) and 
to enable objective, scalable competency assessment. This systematic review synthesized and critically appraised 
evidence on AI/ML applications for technical skills training, clinical reasoning support, and surgical planning.
Methods: Following Preferred Reporting Items for Systematic Reviews and Meta-analyses 2020, we searched seven 
databases (SciSpace Deep Review, SciSpace Basic Search, SciSpace Full-Text Search, Web of Science Core Collection, 
PubMed, Google Scholar, and arXiv) for English-language, peer-reviewed studies published January 2010–January 
2026. Two reviewers independently screened records, extracted data, and assessed risk of bias using design-appropriate 
appraisal tools. Given methodological heterogeneity, a narrative synthesis was conducted.
Results: From 789 records, 36 studies met the inclusion criteria. Most focused on technical skills training (69.4%), followed 
by surgical planning (27.8%); fewer evaluated clinical reasoning support. AI-based assessment systems differentiated 
expertise with 83–100% accuracy. AI-augmented tutoring and feedback systems yielded improvements comparable 
to expert instruction (effect sizes 0.20–0.66). Common limitations included small sample sizes, single-center designs, 
and limited external validation.
Discussion and Conclusion: AI/ML technologies demonstrate clinically meaningful benefits for neurosurgical 
technical skills training. Cognitive and decision-support applications remain less mature and require multi-institutional 
validation, standardized outcomes, and longitudinal evaluation to support broader curricular integration.
Keywords: Artificial intelligence; Clinical decision-making; Competency-based medical education; Machine learning; 
Neurosurgical education; Simulation training

Neurosurgery is regarded as one of the most 
technically demanding and cognitively complex 

medical specialties. It requires advanced psychomotor 
coordination, refined visuospatial skills, and high-stakes 

clinical decision-making under conditions of uncertainty. 
Neurosurgical education has long relied predominantly on 
apprenticeship-based training models, in which expertise 
is acquired through gradual clinical exposure under the 

LOKMAN HEKIM HEALTH SCIENCES

Abstract

SYSTEMATIC REVIEW

DOI: 10.14744/lhhs.2026.20865
Lokman Hekim Health Sci 2026;6(2):303–312

Correspondence: Ömer Selçuk Şahin, M.D. Etlik Şehir Hastanesi, Nöroşirürji Kliniği, Ankara, Türkiye
E-mail: oselcuks@gmail.com  Submitted: 23.02.2026  Revised: 23.03.2026  Accepted: 31.03.2026  Available Online: 03.06.2026

Cite this article as: Şahin ÖS, Dinç S. Artificial Intelligence in Neurosurgical Education: A Systematic Review of Technical Skills Training, Clinical Reasoning, and 
Surgical Planning. Lokman Hekim Health Sci 2026;6(2):303–312.

OPEN ACCESS	 This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).

LOKMAN HEKIM 
HEALTH SCIENCES

e-ISSN 2791-7835

KARE
P U B L I S H I N G

lokmanhekimhs.com

https://orcid.org/0000-0003-2378-9537
https://orcid.org/0000-0002-8090-3335


304 Şahin and Dinç. AI in Neurosurgical Education: A Systematic Review / doi: 10.14744/lhhs.2026.20865

guidance of experienced professionals. Despite its efficacy, 
this paradigm is increasingly constrained by several factors. 
Chief among these are duty-hour regulations, heightened 
patient-safety expectations, growing procedural 
complexity, and variability in operative case exposure, 
particularly for rare or high-risk procedures.[1,2]

In response to these structural challenges, artificial 
intelligence (AI) and machine learning (ML) technologies 
have emerged as promising tools to augment neurosurgical 
education. AI systems can process high-dimensional data, 
identify latent performance patterns, and generate adaptive 
feedback at scale. Within the domain of neurosurgical 
training, the potential of AI applications has been 
thoroughly investigated across a wide range of educational 
settings. These applications encompass a diverse array 
of functions, including simulation-based technical skills 
training, automated performance assessment, intelligent 
tutoring systems, surgical planning support, and early 
cognitive decision-support tools.[1–35]

Simulation-based education has emerged as a pivotal 
component of contemporary neurosurgical training, 
offering controlled, standardized environments conducive 
to skill acquisition. Virtual reality (VR) and mixed reality 
(MR) platforms have demonstrated particular utility in 
neurosurgical education, enabling immersive anatomical 
visualization and procedural rehearsal in complex scenarios 
such as skull base tumor resection.[36–38] The integration of AI 
into these VR and simulation platforms has led to the rapid 
evolution of these tools from formative practice instruments 
to objective competency assessment instruments. A 
multitude of studies have demonstrated the capacity of 
ML-driven assessment systems to accurately differentiate 
levels of surgical expertise by meticulously analyzing 
kinematic, temporal, force-based, and video-derived metrics.
[2,6–9,11,16,30] These systems offer advantages over traditional 
subjective rating scales in consistency, reproducibility, and 
granularity of feedback, while AI-augmented VR simulators 
provide standardized training experiences that address 
variability in clinical case exposure.[36,37]

Beyond episodic scoring, deep learning-based approaches 
enable continuous monitoring of surgical performance and 
analysis of the learning curve, allowing objective tracking 
of skill progression over time.[3,6,16] These competencies are 
closely aligned with competency-based medical education 
frameworks, which emphasize progression based on 
demonstrated performance rather than time-based criteria.
[4,5] The findings of randomized controlled trials (RCTs) 
further indicate that AI-augmented intelligent tutoring 

systems can achieve learning outcomes comparable to, 
and in some cases exceeding, those obtained through 
traditional expert instruction.[4,8,10,13]

Concurrently with the cultivation of technical proficiencies, 
there has been a marked surge in the exploration 
of AI applications in neurosurgical planning and 
decision support. ML models that incorporate imaging, 
demographic, and clinical variables have demonstrated 
greater predictive accuracy than clinician judgment alone, 
particularly when used as adjunctive tools.[18,21,26] From an 
educational perspective, exposure to such systems may 
introduce trainees to data-driven planning paradigms 
and support reflective comparison between human and 
algorithmic reasoning.

Despite rapid growth in the field, the extant literature on 
AI in neurosurgical education remains heterogeneous 
and underdeveloped. The extant literature focuses 
predominantly on technical skills training and assessment, 
while there is a paucity of research on applications that 
explicitly target clinical reasoning as an independent 
educational objective.[14,15,34] Furthermore, numerous 
studies are constrained by several factors, including limited 
sample sizes, single-center designs, reliance on simulated 
outcomes, and inadequate external validation of ML 
models.[6–9,14,17,34] The present systematic review addresses 
this gap by synthesizing and critically appraising evidence 
from 35 included studies on AI and ML applications in 
neurosurgical education.

Materials and Methods
Study Design and Reporting Framework

This systematic review was conducted and reported 
in accordance with the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) 2020 
guidelines. A protocol was developed a priori to define 
objectives, eligibility criteria, information sources, study 
selection procedures, and the synthesis approach.[39] 
Ethical approval was deemed unnecessary in this instance; 
the scope was confined to analyzing previously published 
literature.

Information Sources and Search Strategy

In January of 2026, a series of searches was conducted. 
The PubMed (MEDLINE) and Web of Science (WoS) Core 
Collection were identified as the primary databases for 
records reported in the PRISMA flow diagram. Concurrently, 
Google Scholar and SciSpace were used to enhance 
sensitivity and validate coverage.
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Search strings combined controlled vocabulary (when 
available) and free-text terms across four concepts: The 
following areas of study are of particular interest: AI/
ML, neurosurgery, education/training, populations, 
and simulation/VR/augmented reality (AR) or objective 
technical skill assessment. A variety of strategies were 
employed; each adapted to the specific indexing and 
syntax characteristics of the respective platform. The 
search was confined to the English-language publications 
from January 2010 to January 2026.

In WoS, the Advanced Search (TS) results were refined to 
include only article and review document types, excluding 
proceedings papers, yielding a total of 189 records. A MeSH 
and Title/Abstract hybrid strategy, restricted to journal articles 
and reviews, was utilized in PubMed, yielding 173 records. 
Due to the broad nature of Google Scholar and its lack of 
reproducibility, the scope of the results was constrained to 
the period from 2010 to 2026, with a sorting criterion based 

on relevance. The screening process was further restricted to 
the initial 200 records from a total of 1,460 hits. A separate 
title-only (intitle): Google Scholar validation search identified 
89 records, thereby confirming the scope of coverage. 
The use of SciSpace’s full-text search and deep review was 
instrumental in expanding coverage and identifying existing 
lacunae. The records obtained from Google Scholar and 
SciSpace were included in the study only if they met the 
established eligibility criteria and were non-duplicate relative 
to the records identified through the primary databases. A 
comprehensive account of the search process is available in 
the supplementary appendix, specifically Appendix 1.

Eligibility Criteria

Eligible studies were peer-reviewed journal articles 
or reviews involving medical students, neurosurgery 
residents/fellows, or practicing neurosurgeons that 
evaluated AI/ML applications with an explicit educational 
purpose in neurosurgery. Eligible domains included 
technical skills training, simulation-based education, VR/
AR, and objective technical skill assessment.

Studies were excluded if they addressed clinical/
diagnostic AI without an educational component, 
focused on non-neurosurgical specialties, did not report 
relevant educational or performance outcomes, or were 
editorials, conference abstracts, commentaries, or other 
non-peer-reviewed publications.

Study Selection

All records were imported into a reference management 
system and deduplicated before screening. Two reviewers 
independently screened titles/abstracts, followed by 
full-text assessment of potentially eligible reports. 
Discrepancies were resolved by consensus. When multiple 
records referred to the same underlying study (e.g., a 
preprint and a journal version), the records were merged, 
and the most complete peer-reviewed version was 
retained. The selection process and the reasons for full-text 
exclusion are summarized in Figure 1.

Data Extraction and Synthesis
Two reviewers independently extracted data using a 
standardized form capturing study design, participant 
characteristics, educational domain, AI/ML approach, 
comparator (if applicable), and reported educational or 
performance outcomes. Owing to heterogeneity in designs, 
interventions, and outcomes, findings were synthesized 
narratively.

Figure 1. PRISMA 2020 flow diagram for the study selection 
process. A total of 1080 records were identified through database 
searches, with no records identified from registers. After removal 
of 940 duplicate records, 140 records were screened by title and 
abstract, of which 79 were excluded. Full-text retrieval was sought 
for 61 reports, all of which were successfully retrieved and assessed 
for eligibility. Following full-text assessment, 21 reports were 
excluded with reasons, resulting in 35 studies included in the final 
qualitative synthesis.

Identification of studies via databases and registers

Records identified 
from databases 

(n=1080)
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Reports of 
included studies 
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Risk of Bias (RoB) and Quality Appraisal
RoB and methodological quality were assessed using 
design-specific tools. These assessments were performed 
to contextualize and interpret the body of evidence and 
were not used to exclude studies.

Accordingly, RCTs were assessed using the Cochrane RoB 2 
tool, non-randomized and quasi-experimental studies were 
evaluated using risk of bias in non-randomized studies of 
interventions, and predictive model studies were assessed 
using the prediction model risk of bias assessment tool 
(PROBAST).

Results

Study Selection

Searches across the electronic sources identified 1,080 
records. After removal of 940 duplicate records, 140 records 
remained for title and abstract screening, of which 79 were 
excluded for failing to meet the predefined eligibility 
criteria. Sixty-one reports were sought for full-text retrieval; 
all were successfully retrieved and assessed for eligibility. 
Following full-text evaluation, 21 reports were excluded 
with documented reasons. Of the remaining 40 reports, 5 
referred to duplicate publications of the same underlying 
study and were merged, yielding 35 unique studies 
included in the qualitative synthesis. The study selection 
process is summarized in Figure 1.

Study Characteristics

The 35 studies included in this review were published 
between 2017 and 2025, with a clear inflection point after 
2020, reflecting accelerating scholarly interest in AI-enabled 
neurosurgical education. Geographically, the evidence base 
was dominated by studies conducted in North America 
(51.4%), followed by Europe (22.9%), with additional 
contributions from Asia and multi-continental collaborative 
networks, underscoring the field’s global expansion.

Methodologically, the included literature was diverse. RCTs 
accounted for 5 studies (14.3%), while quasi-experimental 
designs comprised 7 studies (20.0%). Observational cohort 
studies accounted for the most significant proportion 
(n=10, 28.6%), followed by cross-sectional studies (n=6, 
17.1%). Evidence synthesis studies, including systematic and 
scoping reviews, accounted for 4 studies (11.4%), and pilot 
studies or case series accounted for the remaining 3 (8.6%).

Across primary empirical studies, sample sizes ranged from 
14 to 156 participants, encompassing medical students, 
neurosurgery residents and fellows, and practicing 

neurosurgeons. Collectively, these characteristics highlight 
both the methodological heterogeneity and the evolving 
maturity of the literature on AI-supported educational 
interventions in neurosurgery.

Educational Focus Areas
Majority of the included studies focused on technical skills 
training (n=25, 71.4%), indicating the predominant use 
of AI and ML methods for performance measurement, 
automated feedback, and procedural proficiency 
in neurosurgical training. A smaller yet noteworthy 
proportion of studies focused on surgical planning training 
(n=10, 28.6%), predominantly using AI-assisted simulation 
environments and decision support interfaces.

A thorough review of the extant literature indicates that 
clinical reasoning has not been explored as a standalone 
educational domain. Conversely, reasoning-related 
constructions were implicitly incorporated within surgical 
planning tools or hybrid training frameworks. In these 
frameworks, cognitive processes were assessed indirectly 
alongside technical or procedural outcomes, rather than as 
independent learning endpoints.

AI and ML Technologies
Conventional supervised ML classifiers, including support 
vector machines, k-nearest neighbors, naive Bayes, 
and random forests, were predominantly utilized for 
automated performance assessment (n=25, 71.4%). The 
implementation of deep learning architecture (n=15, 
42.9%) facilitated continuous performance monitoring 
and video-based analysis. Computer vision systems were 
employed in 22.9% of the studies. A review of the extant 
literature reveals that fewer than one-third of the studies 
reported external validation

Technical Skills Training
AI-based interventions for technical skills training 
demonstrated the strongest and most consistent evidence 
of efficacy. Automated assessment systems have shown 
the ability to accurately differentiate expertise levels across 
simulated tasks, with reported accuracies ranging from 83% 
to 100%.[2,6–9,11,16,30] Siyar et al.[2] achieved 91.7% accuracy 
using Fuzzy K-Nearest Neighbors. Winkler-Schwartz et al.[7] 
reported a 90% accuracy rate in distinguishing between 
four levels of expertise. Li et al.[9] achieved an accuracy 
of 92.41% with an area under the curve of 0.98. Karlik et 
al.[11] demonstrated a 100% classification accuracy using a 
hybrid fuzzy clustering neural network (Table 1).
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A substantial body of research has emerged from RCTs, 
which have reported performance improvements 
comparable to those observed with traditional expert 
instruction through the implementation of AI-augmented 
intelligent tutoring systems.[4,8,10,13] As demonstrated by 
Fazlollahi et al.,[4] the virtual operative assistant has been 
shown to improve expertise scores by 0.66 points (95% 
confidence interval 0.55–0.77, p<0.001). Giglio et al.[8] 
demonstrated that AI-augmented instruction resulted 
in higher performance scores (mean difference 0.20, 
p=0.02). In a related study, Yilmaz et al.[13] showed that AI 
instruction led to a significant improvement in composite 
scores (p=0.017, p=0.005). In contrast, the administration 
of human instruction resulted in a decline in performance 
(p=0.004). As illustrated in Table 2, the study’s primary 
outcomes are summarized.

Surgical Planning and Clinical Reasoning
In a systematic/scoping review of AI applications in surgical 
planning, Senders et al.[20] reported a median improvement 
in accuracy of approximately 13% across included studies 
(as recalculated in the present review). In their systematic 
review of AI applications in surgical planning, Senders 
et al.[20] reported accuracy improvements; recalculation 
of their data in the present review yielded a median 
improvement of approximately 13%.

From an educational perspective, the most significant 
benefits were observed when trainees engaged in reflective 
practice with AI outputs, utilizing them to compare 
algorithmic predictions with expert reasoning.[3,5,28] 
However, the findings of these studies were predominantly 

short-term and simulation-based, with no study assessing 
clinical reasoning as an independent educational outcome. 
Consequently, the evidence for sustained improvement 
in higher-order cognitive skills remains inconclusive. 
To integrate the identified AI technologies, academic 
domains, and outcome dimensions across technical 
skills training, clinical reasoning, and surgical planning, a 
conceptual framework was developed to summarize AI’s 
roles in neurosurgical education (Fig. 2).

The framework synthesizes evidence from the included 
studies, illustrating how AI technologies are applied across 
technical skills training, clinical reasoning, and surgical 
planning, and how these applications relate to assessment, 
feedback, and decision-support outcomes in neurosurgical 
education.

Quality Assessment
Among the studies that employed PROBAST to assess 
prediction models (n=31), the most prevalent concerns 
were identified in the analysis domain (18/31, 58.1%) and 
the outcome domain (23/31, 74.2%), while participant 
selection was less frequently highlighted (11/31, 35.5%). 
The limitations of the studies included small sample sizes, 
single-center designs, reliance on simulated outcomes, 
and limited external validation. In PROBAST-based 
prediction models, the most common sources of bias were 
small training datasets (58.1%), lack of external validation 
(74.2%), and potential overfitting (35.5%). Despite the 
limitations, the uniformity of the findings lends credibility 
to the conclusions drawn.

Discussion
This systematic review synthesizes evidence from 35 studies 
examining AI/ML applications with an explicit educational 
purpose in neurosurgery. A thorough review of the 
extant literature reveals an uneven evidence base across 
educational domains. The most robust and consistent 
support is for simulation-based technical skills training and 
objective performance assessment.[3,7,14,15,17] AI-enabled 
systems have demonstrated consistent proficiency in 
discriminating expertise levels and providing precise, 
replicable feedback across diverse platforms and tasks. 
This capability substantiates their function as scalable 
measurement instruments within competency-based 
training frameworks,[8,14,15,17] aligning with Miller’s pyramid 
of clinical competence, which positions technical 
performance (“shows how”) as a foundational prerequisite 
for autonomous clinical practice.[40] The observed accuracy 

Table 1. Distribution of AI/ML technologies in included studies (n=35)

AI/ML technology n %

Machine learning classifiers 25 69.4

Support vector machines 12 33.3

K-nearest neighbors 10 27.8

Naive bayes 8 22.2

Decision trees/Random forests 7 19.4

Deep learning/Neural networks 15 41.7

Convolutional neural networks 8 22.2

LSTM/Recurrent networks 5 13.9

Fully connected networks 6 16.7

Computer vision 8 22.2

Hybrid/Ensemble methods 6 16.7

Large language models 2 5.6

AI: Artificial intelligence; ML: Machine learning; LSTM: Long short-term memory.
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of AI systems in expertise classification (83–100%) suggests 
their potential utility in systematically documenting 
learner progression through the stages of skill acquisition 
described in the Dreyfus model—from novice reliance on 
explicit rules to expert intuitive performance.[41]

A substantial body of research, supported by empirical 
evidence from randomized and comparative studies, 
suggests that AI-augmented instruction, particularly when 
integrated within structured simulation curricula, can 
enhance technical performance and learning efficiency.[4,5] 
The merits of AI in education are most clearly delineated 
when it functions as an augmentative mechanism, a 
standardizing agent of feedback, and an enabler of 
deliberate practice as conceptualized by Ericsson.[42] 
Deliberate practice, characterized by focused repetition with 
immediate corrective feedback, represents the cornerstone 
of expert performance development. AI systems that 
provide granular, real-time performance metrics and 
individualized coaching operationalize this framework 
at scale, enabling trainees to engage in high-repetition 
practice with consistent feedback quality independent of 
faculty availability. While virtual and MR platforms provide 
immersive training environments,[38] AI integration adds 
objective, quantitative assessment capabilities that VR 
alone cannot deliver, exemplifying how complementary 
technologies address different dimensions of surgical 
competence. In such cases, AI serves to complement, rather 
than supplant, expert supervision. This approach preserves 
the educational value of mentorship while concomitantly 
reducing variability in assessment.[3–5,7]

Conversely, applications designed for surgical planning 
education were less numerous and more heterogeneous. 
Despite the demonstrated potential advantages of 
AI-assisted planning tools when used in conjunction with 
human judgment, educational outcomes were frequently 
inferred indirectly rather than measured longitudinally.
[1,13] It is important to note that clinical reasoning was 
rarely operationalized as a standalone educational 
endpoint. Instead, reasoning-related elements were 
embedded within hybrid technical–cognitive or planning 
frameworks. This finding underscores the intricacies of 
measuring higher-order cognition and the limitations 
of current methodological approaches.[1,13] Within 
Bloom’s taxonomy of educational objectives,[43] most 
AI applications in this review address lower cognitive 
domains (knowledge, comprehension, application) rather 
than higher-order processes such as analysis, synthesis, 
and evaluation—the very competencies that distinguish 
expert clinical reasoning. The predominant focus on Ta
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psychomotor skill assessment reflects a natural alignment 
between simulation-generated kinematic data and ML 
algorithms, yet leaves unaddressed the critical cognitive 
skills that enable surgeons to adapt procedural knowledge 
to novel clinical contexts, anticipate complications, and 
make sound judgments under uncertainty.

This “cognitive lacuna” in the literature underscores a salient 
risk of automation bias, in which trainees may become 
excessively reliant on algorithmic outputs, potentially at 
the expense of developing their own clinical intuition. As 
the field of AI matures, it is imperative to transition from 
using AI as a passive scoring tool to a “cognitive partner.” 
This necessitates the incorporation of explainable AI (XAI) 
frameworks[29] that do not merely provide a performance 
score but also deconstruct the underlying cognitive 
architecture of surgical decision-making. Moreover, while AI 
systems demonstrate accuracy ranging from 83% to 100%, 
the absence of external validation in 74.2% of studies[15,31] 
constitutes a significant impediment to clinical translation. 
Future research must prioritize multi-institutional 
validation and the tracking of skill retention and transfer 
from simulated environments to the operating room. The 
actual value of AI in neurosurgery will not lie in its capacity 
to supplant the mentor; instead, it will be found in its ability 
to deconstruct the “black box” of surgical expertise, thereby 
providing a transparent, equitable, and evidence-based 
foundation for the next generation of mastery.[32,35]

In the context of surgical planning education, pedagogical 
risks merit explicit attention. When trainees interact with 
high-performing planning or prediction tools, they may 
develop overconfidence or a false sense of security, defer 

prematurely to algorithmic recommendations, or reduce 
reflective comparison with expert reasoning, especially when 
model uncertainty and failure modes are not transparent. 
Such effects can inadvertently weaken deliberate practice 
in clinical judgment and promote “deskilling” in scenario 
appraisal. Mitigation strategies include supervised use 
with structured debriefing, calibrated trust training 
(requiring trainees to justify decisions independent of the 
model), presentation of confidence/uncertainty estimates, 
and adoption of explainable AI interfaces that highlight 
rationale and limitations rather than only outputs.

From a theoretical standpoint, the prevalence of 
technical skills studies in this field indicates the inherent 
congruence between simulation-generated data streams 
and ML methodologies. High-frequency kinematic and 
performance data are compatible with supervised learning 
approaches, thereby facilitating model development and 
validation.[8,14,15] Conversely, reasoning and judgment 
are context-dependent and less directly observable. This 
observation underscores the need for greater integration 
of educational theory, cognitive science, and explainable 
AI to ensure that AI outputs support learning rather than 
automation bias.[13]

This asymmetry in AI application, robust support for technical 
skills, but limited engagement with clinical reasoning, 
carries important educational implications. Competency in 
neurosurgery requires not only procedural fluency but also 
the cultivation of what Schön termed “reflection-in-action”:[44] 
The capacity to think critically during performance, recognize 
anomalies, and adaptively modify one’s approach. Current 

Figure 2. Conceptual framework of artificial intelligence applications in neurosurgical education.
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AI systems excel at evaluating what trainees do (observable 
behaviors, tool paths, efficiency metrics) but cannot yet 
adequately assess how they think or why they make specific 
decisions. This limitation becomes particularly salient 
when considering the progression from novice to expert 
as described by the dreyfus model,[41] where advanced 
practitioners move beyond rule-following to develop 
holistic, context-sensitive judgment. Future AI applications 
must therefore evolve beyond passive performance 
measurement to actively scaffold metacognitive processes, 
prompting trainees to articulate their reasoning, compare 
their decision-making with expert approaches, and develop 
the reflective habits that characterize surgical expertise.

Several practical considerations must be considered. 
AI-enabled simulation has the potential to enhance practice 
density and facilitate individualized learning trajectories, 
while operating within constraints such as reduced 
operative exposure and limited faculty time.[3,7] However, 
the comprehensive implementation of the curriculum is 
contingent upon substantiating its correlation with clinical 
performance, skill retention, and program-level impact.
[3,7,8,13] Equity considerations underscore the importance of 
multi-institutional validation and transparent reporting to 
mitigate algorithmic bias and site-specific overfitting.[3,13,17]

A review of the extant literature reveals several limitations. 
Firstly, the samples are often small, and studies are 
predominantly conducted at a single center. Furthermore, 
there is considerable methodological heterogeneity. These 
factors prevented conducting a quantitative synthesis. 
The application of external validation and standardized 
reporting remains constrained, thereby limiting the 
generalizability of findings.[3,13,17] At the review level, the 
available literature that has undergone peer review, as well 
as the variability across supplementary search platforms, 
may have influenced the extent of coverage.[3]

Conclusion
A thorough review of the extant literature indicates that 
AI and ML applications have demonstrated high precision 
and reproducibility in simulation-based technical skills 
assessment. These technologies have proven effective as 
objective measurement instruments, offering standardized 
evaluation and scalable learning support that transcends 
the limitations of traditional apprenticeship models. The 
most significant instructional gains are derived from 
hybrid training frameworks where AI-augmented systems 
complement expert supervision by standardizing feedback 
and extending deliberate practice, rather than replacing 
the essential role of human mentorship.[28,30]

Conversely, while AI-assisted tools demonstrate potential 
in surgical planning, their application in cultivating 
and assessing clinical reasoning remains nascent and 
inconsistently operationalized. The assessment of learning 
outcomes in these higher-order cognitive domains is 
often based on inferences rather than on longitudinal, 
evidence-based metrics. The development of a cognitive 
foundation necessitates a transformation in educational 
paradigms, encompassing the integration of transparent, 
XAI frameworks. These frameworks should prioritize critical 
judgment over automation bias, thereby facilitating the 
advancement of knowledge and skills in a systematic and 
well-informed manner.[29]

In addition, the incorporation of ML algorithms for 
automated segmentation of operative neuroanatomy 
has demonstrated considerable potential to enhance the 
precision of preoperative planning. For instance, Witten et 
al.[32] demonstrated that AI-driven image segmentation can 
effectively delineate complex neuroanatomical structures, 
thereby providing trainees with a high-fidelity visual 
roadmap that facilitates better spatial orientation during 
the transition from simulation to the operating theater. The 
ultimate objective for neurosurgical training is to ensure 
that these innovations translate into improvements that 
are both generalizable and evidence-based.[17]

In contemplating the imminent integration of AI-driven 
innovations within clinical practice, it is imperative to 
address the prevailing methodological limitations. Future 
research must prioritize multicenter validation, tracking 
skill retention, and objective measurement of technical 
transfer to the operating room.[15,31] Adherence to 
consistent reporting standards and a focus on equitable, 
data-driven advancements are pivotal for the potential of 
AI to fundamentally redefine neurosurgical mastery and 
ensure superior patient-safety outcomes in an increasingly 
complex operative landscape.[32,35]
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