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ABSTRACT

The evolution of artificial intelligence (Al) and large language models (LLMs) is updating medical
and neurosurgical education. This narrative review provides an updated synthesis of recent
applications of Al in neurosurgical education, with particular emphasis on LLMs, knowledge
assessment, simulation-based training, automated competency evaluation, and implementation
risks. Through machine learning, deep learning, and virtual reality systems, Al enables
personalized, adaptive learning pathways, 24/7 on-demand academic assistance, and objective,
data-driven competency evaluations in risk-free environments. In neurosurgery, intelligent surgical
simulators and automated 3D spatial planning tools optimize technical execution and track
procedural metrics. Generative Al streamlines curriculum design, literature synthesis, and
examination drafting. However, the adoption of foundation models introduces critical limitations
and risks. These systems remain vulnerable to hallucinations, logic confabulations, and fabricated
bibliographic citations, which pose risks in high-stakes clinical contexts. Excessive dependence on
Al can cause cognitive fatigue, diminish independent critical thinking, and elevate risks related to
academic plagiarism, algorithmic bias, and data privacy. To address these challenges, continuous
human verification is required. Al should function as a supportive, transparent assistant of human
clinical judgment, ensuring that technological innovation reinforces core values of medical practice

and patient safety.
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Introduction

The field of artificial intelligence (Al) experienced a major turning point following the public
release of OpenAl’s ChatGPT in 2022 [1]. Within the surgical domain, the digitization of operating
rooms and the generation of massive volumes of data have caused a major surge in clinical Al
applications [2].

Large language models (LLMs) represent a highly advanced branch of natural language processing
computer systems designed to simulate, process, and generate human conversation in written or
spoken form. Rather than being trained for a single narrow task, modern LLMs are pretrained on
billions of words and tokens derived from extensive internet text files, articles, books, and
platforms [3,4]. Through a multi-staged training process, LLMs learn how words are used with
each other in language and can apply these learned patterns to complete natural language

processing tasks.



There is an ongoing discussion in the medical sector that digital competence is a mandatory
requirement for lifelong learning in various professional fields [5]. Since future medical care will be
increasingly upgraded by technologies like e-health services and telemedicine, it is recommended
that health profession curricula directly integrate specific teachings on digital literacy to cultivate a
workforce fully prepared to use these digital systems safely and effectively [6].

In neurosurgery, Al is being utilized to enhance preoperative diagnosis, optimize surgical candidate
selection, guide intraoperative navigation, and refine postoperative management. Neurosurgical
resident education can also benefit from Al integration. When paired with virtual reality (VR)
surgical training simulators, Al can autonomously analyze tracking data from a trainee's technical
execution —such as speed, pressure, accuracy, precision —and use it to create performance
metrics. Through automated feedback, Al can significantly enhance the resident training and
accelerate safe technical skill acquisition [2].

Recent literature syntheses have evaluated the integration of Al in neurosurgical education. The
review by Harley et al. [7] focused on how Al and VR synergize to assess technical skill acquisition.
Their analysis established that automated Al metrics reliably discriminate between expert
neurosurgeons and trainees in VR environments. They also highlighted the efficacy of platforms
like the Virtual Operative Assistant (VOA) in providing automated feedback, while critically
identifying major gaps in the literature, including a severe underutilization of Al for assessing non-
technical skills. The scoping review by Piflera-Castro and Borges-Garcia [8] demonstrated that
LLMs like GPT-4 surpassed earlier versions and junior trainees on text-based written board
guestions, but experienced severe accuracy drops when confronted with image-based or
visuospatial queries. They also emphasized persistent technical bottlenecks, including black-box
algorithmic opacity.

This narrative review differs from these previous studies by offering an updated synthesis of
recent Al applications in neurosurgical education between 2024 and 2026. In particular, we
address developments in advanced multimodal models, newer large language architectures,
Retrieval-Augmented Generation (RAG) systems, and Al chatbots strictly grounded in verified
educational materials. Furthermore, we explore modern automated competency assessment
frameworks alongside newer Al applications in neurosurgical simulation, such as rapid patient-
specific 3D anatomical model generation and real-time intraoperative guidance tools, as well as

key implementation risks.

Methods
Relevant studies were identified through searches of electronic databases including PubMed,

Scopus, Web of Science and Google Scholar, up to 30 June 2026, with focus on studies published



between 2024 and 2026. They were supplemented by manual screening of reference lists. The
literature search was last updated on 3 August 2026.

Search terms included combinations such as: "Artificial Intelligence" OR "Al" OR "Machine
Learning" OR "Large Language Models" OR "LLMs" OR "LLM" OR "Generative Al" OR "Virtual
Reality" OR "VR" OR "Augmented Reality" OR "Extended Reality" OR "Retrieval-Augmented
Generation" OR "3D" OR "Virtual Operative Assistant" AND "Neurosurgery" OR "Neurosurgical"
AND "Education" OR "Training" OR "Residency" OR "Resident" OR "Simulation" OR "Competency"
OR "Assessment" OR "Skill Acquisition" OR "Performance Metrics".

The inclusion criteria for this review were as follows: papers focusing on the application,
integration, evaluation, opportunities, or limitations of artificial intelligence, machine learning,
deep learning, large language models, generative Al, virtual reality, augmented reality, 3D
anatomical modeling, or intelligent tutoring systems explicitly within the context of neurosurgical
education, resident training, knowledge acquisition and technical or non-technical competency
assessment. When it comes to publication types, we included: original research studies, systematic
reviews, scoping reviews, umbrella reviews, narrative reviews, and preprints from recognized
repositories to capture the most recent advancements in fast-evolving Al domains. All included
papers had to be written in English.

Exclusion criteria involved studies focusing solely on general clinical diagnostics, patient care
outcomes, or pure intraoperative surgical navigation that did not feature a core educational,
training, resident assessment, or pedagogical component. Non-academic commentaries, general
news items, editorials, materials lacking structured data and articles published in languages other
than English were also excluded.

The reference lists of all relevant articles were manually screened to identify any additional studies
that matched the inclusion criteria. The screening of titles, abstracts, and full texts, along with the
final article selection, was performed by the authors, with any differences resolved through

discussion and consensus.

Fundamentals of artificial intelligence

Al is defined as an artificial system’s ability to interpret external data correctly, to learn from such
data, and to use those learnings to achieve specific goals and tasks through flexible adaptation [9].
While early Al implementations relied heavily on expert systems and handcrafted, top-down "if-
then" statements, these rigid structures consistently failed when applied to complex pattern
recognition tasks like speech, language comprehension, or image classification [10,11].

Machine learning (ML) focuses specifically on the learning aspect of Al, describing the capacity of

systems to automatically discover meaningful relationships, regularities, and hidden insights from



problem-specific training data [11,12]. Depending on the learning paradigm, such as supervised,
unsupervised, or reinforcement learning, ML algorithms calibrate their parameters using target
labels, intrinsic data structures, or environmental feedback to automatically generate underlying
analytical models [10,11].

Deep learning is a concept within ML based on deep artificial neural networks containing an input
layer, an output layer, and multiple deeply nested hidden layers. It performs automated feature
learning, hierarchically assembling low-level abstract features into highly complex representations
directly from raw, high-dimensional input data. The mathematical building blocks of deep learning
consist of connected processing units known as artificial neurons, which represent generalized
evolutions of early models such as the perceptron, transforming inputs through non-linear
activation functions [11,12]. The massive complexity of these multi-layer networks introduces a
prominent "black-box" problem, making their decision-making processes opaque and non-
auditable unless explicitly augmented with explainable Al techniques [11].

LLMs represent the latest technical evolution of computational language modeling [13]. LLMs scale
up parameter counts to tens or hundreds of billions and are pre-trained on massive multi-source
text corpora via distributed parallel architectures across extensive GPU or TPU hardware
infrastructures [14]. Architecturally, LLMs optimize training stability and capacity through specific
design configurations. Scaling language models beyond a critical parameter threshold unlocks
highly advanced, qualitative "emergent abilities" that are entirely absent in smaller networks.
These primary emergent abilities include In-Context Learning, Instruction Following, and Step-by-
Step Reasoning. To align with human intentions, models undergo post-training alignment utilizing
text-level optimization. Retrieval-Augmented Generation enhances factual reliability by combining
an LLM with external, curated information retrieved at the time of query. This allows responses to
be grounded in verified knowledge sources [13,15]. We have created a scheme that illustrates the

relationship between modern Al technologies (Figure 1).
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Fig. 1. Conceptual relationship between artificial intelligence, machine learning, deep learning, and large language
models

Artificial intelligence in medical and surgical education: General context

Medical syllabus planning and course content generation can be significantly accelerated with the
use of Al [16]. A study by Zhang et al. [17] demonstrated the feasibility of using ChatGPT 4.0 to
generate ophthalmology clinical case scenarios that are highly relevant for undergraduate medical
training. However, the same study revealed that raw Al-generated materials are highly susceptible
to hallucinations and diagnostic logic errors, which were observed in 16.67% of the generated
cases. Furthermore, a literature review by Kiyak and Emekli [18] indicated that specific prompt
writing tactics allow educators to precisely modulate the tone, formatting, and structural
parameters of the generated output. When properly validated by experts, these generative
technologies can effectively relieve medical faculty from administrative work [16].

Creating high quality multiple-choice questions is a very time consuming task for medical lecturers
[18]. A prospective cohort study conducted by Law et al. [19] demonstrated that ChatGPT-40
offers massive time efficiency, reducing the overall time required for question generation.
However, Al-generated questions were significantly easier. A systematic review by Artsi et al. [20]
evaluated multiple studies and confirmed that while LLMs are capable of producing competent
guestions with acceptable discrimination indexes, they consistently present structural flaws.

The synthesis of vast literature by Al helps researchers manage information overload and support
clinical decision-making [16,21]. A study conducted by Tang et al. [22] demonstrated that
conventional automatic evaluation metrics fail to correlate with actual human-evaluated text
quality. The evaluation revealed that zero-shot language models are highly extractive and heavily

susceptible to generating factually inconsistent summaries and omitting critical PICO elements. In



contrast, a clinical reader study published by Van Veen et al. [21] demonstrated that when
appropriate task-specific adaptation methods are applied, an adapted GPT-4 model can
outperform medical experts.

A multi-cohort deployment study published by Thesen and Park [23] investigated an online
teaching assistant called NeuroBot TA, which was strictly limited to instructor-curated course
materials to eliminate internet hallucinations. The empirical usage data revealed a highly strategic,
exam-focused adoption pattern among medical students, characterized by a massive 329.6%
increase in conversation volume during the three days leading up to major exams and significant
after-hours utilization post-5 PM for basic neuroanatomy and physiology clarifications. However,
collected feedback also showed that the students were frustrated by Al’s refusal to answer
broader medical questions, leading to an overall system adoption rate of 31.4%. We have provided

a summary of Al application and their potential benefits in the medical education (Table I).

Table I. Applications of artificial intelligence (Al) in medical education

Application Potential benefits

. ¢ Accelerates course design and syllabus planning.
Syllabus and Clinical

Case Scenario * Rapidly generates realistic, highly relevant clinical case scenarios for medical

Generation training.

¢ Allows time efficiency in exam preparation.
Multiple-Choice

Question Drafting ¢ Enables automated scoring and rapid creation of simulated practice question

repositories.

Literature Synthesis

o e Compresses vast literature to manage information overload.
and Summarization

e Supports rapid evidence synthesis and clinical decision-making.

. . * Provides 24/7 on-demand academic support.
Virtual Teaching

Assistants and Al e Restricting models to instructor-curated course materials eliminates internet

Facilitators hallucinations




Artificial intelligence in neurosurgical education

Knowledge acquisition

LLMs can support personalized learning and simplify the acquisition of complex anatomical and
surgical knowledge for neurosurgical trainees [24]. As highlighted in reviews by Moglia et al. [25]
and Xu et al. [26], these tools assist residents in information retrieval, literature summarization,
and building a structured knowledge base. During case-based preparations, trainees can utilize
LLMs to compile surgical approach preferences, facilitate learning, and strengthen the overall
coordination of clinical processes [24]. Furthermore, LLMs allow trainees to generate customized
practice materials, flashcards, and summary guides from existing syllabus content to support self-
directed study and continuous self-assessment [25,27]. However, literature consistently
emphasizes that trainees must maintain critical oversight. Because general-purpose models can
generate false information, duplicate responses, or provide contextually inappropriate claims
without verifiable references, residents must rigorously evaluate Al-generated content against
authoritative neurosurgical textbooks and clinical guidelines [24,26].

Separately from their use as personal study aids, LLMs are increasingly evaluated as test-takers on
specialized neurosurgical written board examinations to benchmark their baseline clinical
knowledge and reasoning capabilities [28]. Evaluative studies demonstrate both strong text-based
capabilities and significant structural limitations. For instance, Camlar et al. [24] tested six distinct
LLMs on 599 board-style questions, showing that advanced models including ChatGPT-o1pro,
ChatGPT-4, and the neurosurgery-specific AtlasGPT achieve near-expert accuracy on Single Best
Answer-Recall of Knowledge, Single Best Answer-Interpretative Application of Knowledge, and
True/False formats, yet suffer severe performance drops or total processing failures when faced
with image-based anatomical queries. Similarly, a comprehensive evaluation by Vishwanath et al.
[28] testing 28 LLMs on 2,904 questions from the Congress of Neurological Surgeons Self-
Assessment in Neurosurgical Surgery (CNS-SANS) revealed that while six models achieved passing
scores, their competence was highly fragile when exposed to a distraction framework containing
clinically irrelevant but familiar terminology. When irrelevant distractor statements were
embedded into the prompt, the accuracy across various model architectures was significantly
reduced by as much as 20.4%. While foundation models like GPT-4 and Med-PaLM 2 have
successfully passed broader licensing exams such as the USMLE, current evidence establishes that
their reliability on specialized, image-dense neurosurgical board benchmarks remains constrained
[25,27].

High performance by an LLM on standardized examinations does not inherently demonstrate its



educational efficacy, as benchmark scores reflect static knowledge retrieval rather than a tool's

capacity to foster clinical reasoning or support effective pedagogical outcomes.

Surgical training

Surgical simulations powered by VR and Al deliver interactive, safe environments for mastering
technically demanding interventions. While VR itself is not a form of artificial intelligence, Al
serves as an analytical or generative layer integrated into these immersive environments. Al-
enhanced neurosurgical simulation refers to the integration of ML algorithms, computer vision, or
generative models with immersive hardware to automatically evaluate performance metrics,
reconstruct patient-specific anatomy, or deliver real-time, objective feedback without reliance on
a human preceptor. A review by Isikay et al. [29] emphasized that patient-specific 3D visualization
and reality technologies fundamentally enhance spatial orientation, approach selection, and
intraoperative navigation in complex anatomical regions like the skull base. A systematic review by
Khalifa et al. [30] demonstrated that Al performance assessments, incorporating motion tracking,
kinematics, force sensors, and computer vision, provide objective and reproducible skill
evaluations. Furthermore, a study by Li et al. [31] utilized ML algorithms such as Support Vector
Machines combined with feature selection to classify surgical skill levels with high accuracy. They
also employed Shapley values to interpret individual psychomotor metrics for targeted training.
Within neurosurgery, Al-enhanced intelligent tutoring systems have become valuable teaching and
learning tools. A narrative review by Halman et al. [32] highlighted the VOA, developed by Mirchi
et al. [33], as an explainable Al tool that achieved 92% accuracy in distinguishing experts from
novices during simulated brain tumor resections. The system condenses complex simulator data
into four core performance metrics: two safety indicators and two movement indicators. VOA
implements a unique, two-step educational paradigm rooted in cognitive load theory, requiring
trainees to master safety metrics before advancing to movement mechanics. The platform
combines objective benchmarks with multi-modal feedback, incorporating textual guidance,
auditory instructions mimicking a clinical mentor, and video demonstrations of expert execution.
In a systematic review and meta-analysis, Hanna et al. [34] evaluated the efficacy of Al tutoring
versus expert instruction, finding that Al-augmented tutoring systems had comparable or slightly
superior technical skill acquisition (measured by OSATS scores) relative to human expert
instruction. Similarly, in a randomized controlled trial by Yilmaz et al. [35], trainees using the real-
time multifaceted Al feedback of the Intelligent Continuous Expertise Monitoring System achieved
significantly better performance outcomes during practice repetitions compared to active control
groups, while demonstrating OSATS ratings comparable to in-person expert instruction.

Despite these performance gains, the integration of automated systems poses distinct cognitive



and behavioral challenges. A mixed-method review by Natali et al. [36] cautioned against Al-
induced deskilling and upskilling inhibition. They describe the risk of expert atrophy resulting from
habitual reliance on automated systems. Moreover, specific behavioral consequences have been
documented. A randomized trial revealed that while Al feedback improved bimanual coordination,
it also induced unintended behavioral adaptations, such as significantly slower resection rates and
reduced dominant hand speed [32].

To enhance procedural realism, patient-specific 3D anatomical models provide digital
representations of complex pathology, allowing trainees to visualize spatial relationships and
evaluate approaches in a controlled environment. For spinal care, Ranabhat et al. [37] developed a
fast automated pipeline combining VertDetect and TotalSegmentator that constructs high-fidelity
patient-specific 3D models for spinal decompression from raw CT and MRI datasets in
approximately 2.5 minutes, achieving excellent volumetric accuracy with a Dice Similarity
Coefficient of 0.95 for vertebral bone.

Preoperative procedure planning using 3D spatial models enables surgical teams to evaluate
approaches and anticipate intraoperative challenges. A retrospective study by Roh et al. [38]
demonstrated that reviewing patient-specific anatomy inside a 3D VR environment significantly
enhanced tumor-related structure detection and optimized surgical approaches for anterior skull
base meningiomas compared to conventional 2D reviews. Furthermore, Saher et al. [39] noted
that current planning procedures face critical limitations, including visual fatigue, motion sickness,

and a lack of tactile haptic feedback in standard virtual interfaces.

Scholarly training and academic skills

The efficiency of generative chatbots in clinical literature searching faces structural limitations.
This is demonstrated by an empirical evaluation from Gwon et al. [40], where ChatGPT-3.5
achieved a mere 0.08% relevance rate when tasked with a systematic search on Peyronie's
disease, frequently inventing highly plausible but entirely non-existent "hallucinated" studies.
Even search engines backed by web-browsing capabilities, such as Microsoft Bing Al,
demonstrated a low absolute volume of relevant papers and regularly committed classification
errors, such as misidentifying standard reviews as randomized controlled trials. To evaluate search
efficiency a multitask assessment by Sollini et al. [41] compared six state-of-the-art LLMs against
human researchers in conducting a literature review for a radioligand therapy. While certain high
performing models processed screening tasks rapidly in under 30 minutes, human researchers
proved distinctly superior in constructing a complete, accurate, and fully reliable systematic
review.

Citation and reference organization remains a critical weakness for general-purpose LLMs. Early



data documented that ChatGPT achieved only a 10% accuracy rate for head and neck surgery
references, though GPT-4 subsequently improved citation accuracy to 74.3% for otolaryngology
topics. It is recommended to bypass standard conversational chatbots in favor of specialized
literature tools like Perplexity, Elicit, or Consensus, which actively couple LLMs with verified
scholarly databases to suppress reference fabrication [42]. While these specialized Al platforms
effectively support initial literature discovery and reference organization, definitive literature
searches must still be conducted in verified scholarly databases.

LLMs are highly effective at assisting with scientific writing and manuscript preparation. In a
blinded, randomized controlled study, GPT-4 generated introduction sections for clinical trials that
demonstrated significantly higher readability scores compared to human written text. LLMs are
also heavily utilized to draft case reports, generate clinical summaries, and improve technical
writing fluency for non-native English scholars [42]. Lieberum et al. [43] emphasized that because
these networks generate text based on probabilistic word associations rather than factual
comprehension, their outputs carry an ongoing risk of data contamination and misinformation.
LLM applications must remain strictly confined to supportive tasks under direct human
supervision, requiring thorough fact-checking and rigorous editing by the authors before

submission.

Opportunities and advantages

Conversational Al tools, intelligent tutoring systems, and virtual patients function as adaptive
teaching assistants that provide continuous academic support [44]. These systems create low-
stakes learning environments where medical trainees can practice clinical reasoning, history
taking, and diagnostic decision-making without fear of negative evaluation [45]. In medical
education, interactive dialogue and real-time feedback enable learners to clarify complex
pathophysiological concepts and rectify mistakes immediately during self-directed study [46,47].
Personalized learning is achieved as ML algorithms continuously analyze individual performance
data to adapt educational pathways. These intelligent platforms track student progress, identify
specific knowledge gaps, and dynamically adjust content difficulty and instructional pacing based
on objective competency metrics [48]. Additionally, personalized Al systems can be tailored to
address specific learning disabilities such as dyslexia or ADHD by providing alternative
explanations and multimodal sensory formats, which may improve overall accessibility if properly
designed [49].

The integration of conversational Al tools with mobile technologies accelerates medical knowledge
retrieval by allowing trainees to access clinical guidelines and literature directly on personal

devices [44]. This multi-device compatibility supports flexible, self-paced learning and facilitates



rapid information verification during fast-paced clinical workflows [47]. Retrieving key terms or
clinical evidence through Al interfaces proves significantly faster than manual searches in
traditional, paper-based textbooks [46,50].

Al-driven language assistance tools offer vital solutions to overcome linguistic barriers. Automated
translation, speech recognition, and voice-capable language models allow bidirectional
communication in multilingual environments [51]. This allows non-native English speakers to
follow complex instructional materials, improve conversational fluency, and engage effectively in

healthcare training [47,51].

Limitations and risks

Hallucinations in many models result primarily from autoregressive training objectives that
prioritize token-likelihood optimization over validated accuracy, creating a high level of
unwarranted certainty [52]. These errors can be structurally categorized as confabulations, where
outputs are completely arbitrary and highly sensitive to irrelevant details like random seeds [53].
In educational and clinical settings, these inaccuracies present themselves as either internal
hallucinations that directly contradict the provided context, or external hallucinations that
introduce entirely ungrounded, fabricated claims [54]. LLMs operate as statistical mimics that
remain fundamentally indifferent to empirical reality and objective truth [55]. Furthermore, the
non-transparent nature of these algorithms makes it exceptionally difficult for users to trace,
verify, or identify the logical reasoning behind a generated clinical or academic decision [56].

The rapid evolution of medical and scientific knowledge presents an ongoing challenge for static
neural networks, leading to a high risk of model obsolescence [52]. When systems are trained on
fixed or historical datasets, the presence of outdated data causes them to confidently cite
disproven guidelines or distorted instructional concepts [54]. This temporal limitation can be
partially mitigated by integrating RAG, external search capabilities, continuously updated
databases, and specialized literature tools [56].

Excessive Al dependence impairs cognitive capabilities, directly leading to a measurable decline in
students’ critical thinking. This dependency is partially mediated by psychological mechanisms of
cognitive fatigue, which arise from information overload and high metacognitive monitoring costs.
While high information literacy can buffer the negative impact on critical thinking, it paradoxically
amplifies mental exhaustion and subjective fatigue due to the heavy demands of continuous cross-
referencing and verification [57]. Over-reliance encourages students to adopt mental shortcuts,
promoting cognitive disengagement and an uncritical acceptance of flawed information [58].
Conversational interfaces also encourage quick, shallow interactions over deep reflection,

potentially undermining long-term analytical skills [59].



The integration of Al into higher education creates a threat to academic integrity by facilitating
data fabrication, and plagiarism [58]. Experimental evidence shows that both human educators
and automated Al detection tools struggle to reliably distinguish between human-authored and
Al-generated text. Current detection algorithms remain fundamentally unreliable, producing high
rates of both false-positive and false-negative errors. False positives frequently misclassify
legitimate student writing, while false negatives fail to identify Al edited outputs. Consequently,
institutions cannot rely on automated detectors or authentic assessment design alone to
safeguard academic standards [60].

Data intensive foundation models require massive datasets that expose protected health and
student records to deep confidentiality and security threats. During their life cycle, these
applications are highly susceptible to adversarial privacy attacks, including re-identification,
membership inference, attribute disclosure, and model inversion [61]. The constant harvesting of
personal inputs (such as names, prompts, and uploaded images) without explicit user consent
effectively transforms educational aids into intrusive surveillance mechanisms [58].

The adoption of advanced Al frameworks and immersive technologies introduces severe equity
concerns due to unequal access to subscription-based foundation models, VR infrastructure, and
high quality surgical simulators. While well-funded academic centers can integrate Al tools and
virtual simulation platforms, low-resource institutions face substantial financial and technological
barriers. This widening digital divide risks intensifying existing educational disparities in medical
and surgical training [56]. We prepared a table to summarize advantages and limitations of Al

integration (Table Il).

Table II. Advantages vs. limitations of artificial intelligence (Al)

Domain Advantages and strengths Limitations and risks

e Rapid, 24/7 on-demand retrieval of eSusceptible to hallucinations,

) . clinical definitions and literature. confabulations, and logic errors.
Information Retrieval

and Accessibility  Compresses vast biomedical evidence | e Fixed training data leads to static

to support decision-making. memory and technological

obsolescence.

e Delivers adaptive, personalized ¢ Over-reliance impairs higher-

learning pathways tailored to individual | order critical thinking and causes




anatomical and clinical knowledge cognitive fatigue.

gaps.
¢ Promotes cognitive laziness and

e Creates a supportive, low-stakes reactive, surface-level responses.

Pedagogy and

) ) environment encouraging help-seeking
Personalized Learning

behaviors.

e Automatically adjusts content
difficulty, instructional pacing, and

multimodal presentation formats.

e Reduces exam question drafting time. | ¢ Al-generated questions mostly

test surface-level knowledge and

Assessment and * Relieves faculty of administrative

often contain structural errors.
Faculty Support

course planning and syllabus design.
¢ Facilitates academic shortcuts,

* Powers objective, automated skill o o
data fabrication, and plagiarism

benchmarking in VR simulations.
threats.

® Breaks down linguistic barriers via e "Black box" neural architecture

. .. . | instant neural translation and real-time | makes decision logic non-auditable.
Operational, Linguistic
speech-to-text captioning.

and Technical * Vulnerable to data privacy

Infrastructure e Powers realistic VR/AR simulation attacks, unauthorized harvesting,
feedback loops and patient-specific 3D | and security threats.

modeling.

Ethical considerations

Generative models directly challenge traditional concepts of authorship and academic integrity
[59]. Since detection software remains unreliable, maintaining academic integrity depends on
clear, mandatory disclosure rather than technical enforcement [60]. Uncritical acceptance of
automated literature synthesis risks embedding fabricated findings into the scientific record [58].
It is a danger with direct clinical ramifications, as evidenced by 91.8% of surveyed clinicians who
encountered medical hallucinations and 84.7% who warned of potential patient harm [52].
When an algorithm produces an incorrect prediction or misleading guidance that results in direct

harm, the boundaries of liability become blurred among developers, healthcare institutions, and



end-users [56]. While commercial deployment practices often attempt to bypass this by offloading
the burden of verification onto downstream users. However, it must be emphasized that the
ultimate responsibility for assessment, evaluation, and educational decision-making rests with
educators and academic institutions, rather than leaving end-users to navigate algorithmic risks

without structured support [55].

Future perspectives

Future studies on personalized education need to move past initial testing and gather solid proof
that these systems actually work. Early pilot implementations such as LLM-based automated
grading tested on small cohorts of 96 students successfully reduced evaluation times from hours
to approximately 24 minutes [62]. However, these findings are limited by single-center designs.
Khakpaki [63] highlights the need for solid methodological evaluation, while Izquierdo-Condoy et
al. [62] emphasize that future investigations must conduct large-scale, longitudinal studies to
assess whether adaptive learning pathways improve clinical competence. Sriram et al. [64] and
Tsang and Dai [65] recommend multi-center randomized controlled trials to validate Al-
personalized curricula across diverse student cohorts. While pilot trials show a reduction in
procedural acquisition times, larger frameworks are needed to ensure equitable access and
knowledge retention.

Integrating VR and Al demands a clear research strategy designed to overcome the boundaries of
preliminary studies. Early mixed-reality evaluations report high user engagement and short-term
skill gains. Chance [66] proposes a framework requiring that future research must transition to
longitudinal studies to measure actual clinical error reduction rather than short-term simulation
metrics. Mergen et al. [67] point out that current literature relies on a fragmented mix of
inconsistent measurements, and they propose building standardized, validated evaluation tools
like tailored Kirkpatrick models with the help of multidisciplinary experts. Additionally, Saher et al.
[39] call for future studies to refine Al-driven VR models beyond preliminary testing, expand global
accessibility, evaluate non-invasive brain-machine interface integrations, and test remote
telesurgery training protocols.

To move intelligent surgical simulators from early laboratory concepts into real hospital use, they
must undergo strict and thorough validation. While early prototypes show strong technical
viability, Raghavan et al. [68] propose extensive multicenter trials with extended follow-up periods
to evaluate their true generalizability. Sankar et al. [69] emphasize that current neurosurgical
datasets suffer from severe imbalance. They argue that future research must explore federated
learning architectures to diversify training data and rigorously test Explainable Al models in high

stakes environments. Leal [70] highlights the need for multi-center validations of computer vision



and deep learning systems, alongside comprehensive economic and cost-effectiveness analyses of
simulator implementation.

Future investigations into automated course creation and content generation must address the
methodological vulnerabilities identified in early trials. Preliminary studies on generative Al
highlight high rates of reference fabrication and content inaccuracies. Izquierdo-Condoy et al. [62]
recommend the adoption of structured reporting frameworks such as the FACETS model to ensure
transparency and cross-study comparability. Khakpaki [63] proposes a dedicated curriculum
research centered on formal Al literacy, to prevent uncritical automation. It will allow educators to
maintain active control when using Al to draft multiple-choice questions and syllabi. We present a

concept of integration of these Al pedagogical tools (Figure 2).

Artificial Intelligence Virtual Reality Surgical Simulation and Haptics Personalized Learning

1. Knowledge Acquisition 2. Surgical Training and Skills 3. Scholarly Production

« Theoretical foundations and anatomy * VR/AR immersive simulation « Systematic literature screening
. A hi i . i i
« Board exam prep (CNS/USMLE) Al automated VOA benchmarking Grounded evidence synthesis
_> « 3D patient-specific models _> = Verified bibliography curation
* Automated question generation ) . — . )
« Force-sensor and motion tracking « Scientific drafting and translation
+ Custom flashcard curation * Preoperative trajectory planning » Expert-supervised prep

:

Clinical Proficiency, Technical Mastery and Academic Productivity

Fig. 2. Integrated ecosystem of Al-driven neurosurgical education

Limitations

As a narrative review, the literature identification and selection process was not rigorous and may
be subject to selection bias. Due to the rapid evolution of Al technologies and LLMs, certain tools,
architectures, and performance benchmarks discussed are subject to rapid technological out
datedness. The scope of this review was restricted to English-language publications, potentially

missing relevant local or non-English research.

Conclusions

Al has demonstrated potential to support selected components of neurosurgical education,
particularly knowledge assessment, simulation-based feedback, and automated analysis of
technical performance. The integration of Al with VR and intelligent surgical simulators provides
objective competency evaluations that significantly enhance precision in a risk-free environment.

However, because foundation models rely on probabilistic text predictions, they remain



vulnerable to hallucinations, logic errors, and fabricated citations. These flaws demand constant
caution. That is why human verification is still required. Addressing risks like student over-reliance,
algorithmic bias, and privacy threats calls for clear ethical guidelines and targeted Al literacy.
Technology should enhance student learning and training, not replace human mentorship. It is

essential to carefully balance between technological innovation and traditional education.
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