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Abstract
Purpose Virtual reality (VR) and artificial intelligence (AI) play a pivotal role in surgical education. VR is a transforma-
tive tool, providing a low-risk environment for trainees to hone their skills. AI, in conjunction with VR, holds promise 
in addressing contemporary challenges in surgical education by mitigating human bias in evaluations, identifying at-risk 
residents, and enhancing surgical training through AI-produced performance metrics. Due to the rapid growth of literatures 
in VR and AI, it is essential to systematically evaluate and reflect on the current evidence regarding AI’s role in assessing 
trainees’ performance.
Method As such, an umbrella review was conducted focused on neurosurgery due to its high-stakes nature and active lit-
erature. We synthesize evidence from four systematic reviews and meta-analyses.
Results Key findings reveal that AI metrics effectively measure neurosurgical performance in VR environments, with a focus 
on time, kinematics, and force as dominant metrics. Moreover, the integration of AI-enhanced VR demonstrates potential 
in addressing critical challenges faced by surgical educators, including a shortage of surgeons and financial constraints. 
The review underscores the need for a more unified understanding of metrics and recommends further research to explore 
non-technical skills and the delivery of personalized feedback in AI-enhanced VR settings. As the field matures, the explora-
tion of virtual assets, such as digital twins or other atypical patient case scenarios, presents a promising avenue for a more 
comprehensive and diverse range of training experiences in neurosurgery.
Conclusions Ultimately, this review outlines a bright future for the synergistic application of VR and AI metrics in neu-
rosurgical education, with untapped potential in underexplored areas and a trajectory towards real-world implementation 
through both VR and Augmented Reality.
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Introduction and rationale

Medical and surgical education face a myriad of contempo-
rary challenges that artificial intelligence (AI) stands to help 
address by reducing or removing human bias from instruc-
tor evaluations, identifying at-risk residents, improving 

written documents, supporting clinical decision-making, 
and helping trainees prepare for exams [1–3]. We define AI 
in surgical education as an intelligent system/program that 
acts to fulfill or support the fulfillment of educational tasks 
traditionally performed exclusively by surgical educators 
by making decisions in a manner similar to educators and 
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providing customized adaptation, including performance 
assessment, personalized feedback, and error mitigation to 
surgical learners [4]. This definition differentiates between 
rule-based and non-rule based AI, where AI systems are 
given explicit rules programmed by humans in the for-
mer (e.g., using decision trees), but not in the latter (e.g., 
unsupervised machine learning) [4]. In other words, an AI 
is explicitly told when and how to respond to a medical 
resident’s attempts to resect a brain tumor based on pre-
determined scoring for incoming instrument handling data 
in rule-based AI but must determine how to respond in non-
rule-based AI. This means that when we speak about AI in 
surgical education, we can actually be referring to an AI 
that is the product of both rule and non-rule-based AI. For 
example, the Virtual Operative Assistant estimates a com-
petence percentage score and binary expertise classification 
based on four metrics evaluated in two steps (step 1, safety: 
mean bleeding rate and maximum bipolar; step 2, instru-
ment movement: mean instrument tip separation distance 
and mean bipolar) [5]. These four metrics were selected 
through both non-rule-based AI (machine learning: statisti-
cal, forward, and backward support vector machine feature 
selection) and human consultation [6]. Rule-based AI is suf-
ficient, however, to examine the identified metrics and their 
thresholds and provide learners with automated audiovisual 
feedback and the right corrective instruction.

AI is a rapidly advancing technology and a topic of 
increasing focus in surgical education research as educa-
tors, researchers, and trainees seek to harness its potential 
to improve training and patient care. In the last five years, 
a growing body of literatures has supported the use of AI 
in surgical training programs [7]. AI in surgical education 
has shown to be highly accurate in characterizing surgical 
skill sets [1] and differentiating trainee expertise using vari-
ous metrics. Performance metrics in surgical education are 
a set of measurements by which a plan or process can be 
assessed and that quantifies these elements of performance 
[8]. A recent review [7] found that the majority of surgical 
education studies that used AI took place in simulations: a 
focus of the current article.

Simulations have been widely used in various fields, 
including aviation and the military, to train and certify 
individuals in their respective professions [10]. In-per-
son simulations are frequently used to train and evaluate 
healthcare learners and often involve actors role-playing 
to replicate real-life medical scenarios [11]. The goal of 
simulation is to engage learners and increase their pre-
paredness for treating patients in a low-risk environment. 
Learners can practice tasks repeatedly and receive feed-
back on their performance in simulations, allowing them 
to make mistakes and learn from them [12]. Simulation-
based education is known to be expensive, with personnel 
and equipment resources being the primary costs [13]. As 

such, this type of simulation may be a less viable option 
in inadequately funded healthcare systems and pose dif-
ficulty in its scalability. Simulations have been widely used 
in various fields, including aviation and the military, to 
train and certify individuals in their respective professions 
[9]. In-person simulations are frequently used to train and 
evaluate healthcare learners and often involve actors role-
playing to replicate real-life medical scenarios [10]. The 
goal of simulation is to engage learners and increase their 
preparedness for treating patients in a low-risk environ-
ment. Learners can practice tasks repeatedly and receive 
feedback on their performance in simulations, allowing 
them to make mistakes and learn from them [11]. Simula-
tion-based education is known to be expensive, with per-
sonnel and equipment resources being the primary costs 
[12]. As such, this type of simulation may be a less viable 
option in inadequately funded healthcare systems and pose 
difficulty in its scalability.

AI-enhanced virtual simulations are a promising applica-
tion of AI in surgical education that leverages many of AI’s 
strengths, such as its potential to provide immediate, person-
alized feedback, with the potential scalability and flexibility 
of virtual simulations (VS). VS are software applications that 
can run on computers or head-mounted displays [10] and pro-
vide surgical trainees the opportunity to practice skills in a 
virtual environment using interactive digital spaces, tools, and 
characters, including AI-driven patients and healthcare profes-
sionals, to mimic elements of the real world [13]. As with AI, 
there is growing interest to integrate VS into surgical training 
[14]. While many researchers distinguish VS as the most gen-
eral category of such environments, virtual reality (VR) has 
also been broadly defined in the literature as encompassing 
simulators such as screen-based VR simulators (i.e., mixed or 
lightly augmented reality), screen-based virtual worlds (game-
like environments), and immersive VR environments (often 
requiring a headset)—all of which intend to simulate natural 
settings [15, 16]. For the purposes of this article and conven-
tions in the surgical education literature, we will adopt VR as 
our general term to refer to such educational technologies for 
surgical training. VR in surgical training has shown to be a 
promising approach to surgical training, supplementing tradi-
tional models and allowing trainees to acquire both technical 
and non-technical skills [17]. Studies in the field of orthope-
dic surgery show that VR training can be more effective than 
traditional training methods, suggesting it improves surgical 
skill acquisition and achieves shorter procedure times [18, 19]. 
In a randomized controlled trial conducted on obstetrics and 
gynecology (OB/GYN) trainees performing a laparoscopic 
procedure, the group that received 6 h of VR training prior 
to being in the operating room saw superior skill transfer and 
significantly shorter operating times compared to the control 
group that received no VR training [20]. This subsequently led 
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to Denmark implementing VR laparoscopic training require-
ments for all OB/GYN residents [17].

AI-enhanced VR is not only a promising educational tech-
nology for surgical education, but a tool with potential to help 
address pressing challenges in surgical education, such as a 
dire shortage of surgeons [21, 22] which not only persists but 
is increasing in urgency [23, 24]. A reduction of residents’ 
work hours, a lack of educators available to provide them with 
valuable operating room time, and financial restrictions on sur-
gical training programs are additional challenges that call for 
innovation in surgical education [25]. AI-enhanced VR has 
the potential to help address these and other challenges with 
flexibility, scalability, and personalized performance feedback.

Objectives

While research on VR and AI rapidly proliferate, there is a 
crucial need to systematically assess and critically reflect 
on current evidence on the use of AI to provide metrics on 
trainees’ performance. We elected to examine this topic in 
the context of neurosurgery because it is a discipline with an 
active literature on the topic and is an especially high-stakes 
field that can benefit from enhanced training programs with 
feedback and personalized evaluations [26, 27]. A prelimi-
nary search of the literature helped us identify more than 
one recent systematic review on our topic—indeed, one 
was published the very year we conducted our search [28]. 
Therefore, rather than duplicate efforts, we decided to con-
duct an umbrella review to identify potential additional prior 
meta-analyses, systematic reviews, and scoping reviews and 
synthesize findings to provide a comprehensive overview of 
ongoing efforts and available evidence. Umbrella reviews 
are overarching reviews that aggregate findings from several 
reviews that address specific questions and are therefore best 
suited for topics which are already addressed in systematic 
and/or meta-analyses [29, 30]. An umbrella review allowed 
us to explore the literature from a different lens than any of 
the previous individual systematic reviews and ask different 
research questions, including the following:

RQ1: How is neurosurgical performance being measured 
in VR environments?

RQ2: What does (a) each review conclude about the effi-
cacy of performance metrics and (b) what can be concluded 
collectively?

RQ3: What is the role of AI in training and assessment?

Methods

Search strategy

A search was conducted in September 2023 to identify sys-
tematic reviews, scoping reviews and meta-analyses that 

reported on the use of VR environments and AI in neurosur-
gical education. The search was structured around the con-
cepts of AI and neurosurgery, a full search strategy can be 
found in Online Resource materials. A combination of data-
base-specific publication filters and keywords were applied 
to limit to the search to reviews. The databases searched 
were Ovid MEDLINE, Ovid Embase Classic + Embase 
and Scopus. The database time coverage was between 1946 
(inception) to September 20, 2023. A manual search was 
also conducted by looking up keywords in PubMed.

Inclusion and exclusion criteria

A list of inclusion criteria was generated by researchers. To 
be included in the umbrella review, studies needed to meet 
all the below criteria or they were excluded from consid-
eration (e.g., studies would be excluded if they examined 
augmented reality or orthopedic surgery).

1. Be in English
2. Examine virtual reality
3. Directly or indirectly include artificial intelligence
4. Mention neurosurgery and neurosurgical procedures
5. Provide an assessment of surgical skills
6. Be a systematic review, scoping review, or meta-analy-

ses as defined by the authors

Systematic review selection

An initial subset of articles was screened independently 
by both reviewers and inter-rater agreement was calcu-
lated. Inter-rater agreement was calculated to be 93.88% 
and was deemed acceptable [32]. All identified reviews 
were uploaded into EndNote. Two reviewers conducted the 
screening process for all yielded studies. An initial subset 
of articles was screened independently by both reviewers 
and inter-rater agreement was calculated. Inter-rater agree-
ment was calculated to be 93.88% and was deemed accept-
able [31]. All disagreements were addressed and resolved 
through verbal deliberation.

Results

The search yielded a total of 195 articles with duplicates. A 
manual search was performed, and an additional four articles 
were identified. Once duplicates were removed, a total of 
145 records remained. These records were screened using 
the abovementioned inclusion and exclusion criteria and 139 
records were excluded. The remaining six records underwent 
full-text screening and were assessed for eligibility. After 
full-text screening, two records were excluded, leaving four 
systematic review articles in the final qualitative synthesis 
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(see Online Resource Materials for study quality assess-
ment). One systematic review article was excluded because 
it focused on augmented reality, not VR [32]. A second arti-
cle was excluded because it focused on orthopedics, with 
limited information relating to neurosurgical use of VR [33].

See Fig. 1 for the Preferred Reporting Items for System-
atic Reviews and Meta-analyses (PRISMA) flow diagram 
[34] (Fig. 1).

Data were extracted into an Excel table. See Online 
Resource Material for the data extraction sheet headings. 
The quality of each review was rated independently by two 
researchers using the Critical Appraisal Skills Program 
(CASP) checklist for systematic reviews [35]. This check-
list evaluates the validity of the results of each review and 

its quality. It looks at research questions, papers included in 
the systematic review, authors’ quality assessment of stud-
ies, the precision of results, and how results can be applied 
to help the local population. The CASP checklist was com-
pleted for each study. Regardless of their quality assessment, 
all studies were included in the final qualitative synthesis. 
See Online Resource Materials for Critical Appraisal Skills 
Program (CASP) checklist results for each included system-
atic review. Furthermore, an evaluation of included reviews’ 
data collection methodologies and risk of bias assessment 
use was conducted according to the PRIOR guidelines [36]. 
Results of these are shown below in Table 1. Responses 
to the full PRIOR guidelines can be found in the Online 
Resource Material.

Fig. 1  PRISMA flowchart for the paper selection process. [33, 34]. Excluded articles at the full text screening stage included work by Ruikar and 
colleagues (2018) and Barsom and colleagues [32, 33]. See Results for textual description
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Concerning article quality from our CASP assessment: 
Three of four articles addressed a clearly focused research 
question [28, 37, 38]. All articles looked for the right type of 
papers (e.g., designs) based on their research questions. We 
considered that only half of the articles did enough to assess 
quality of the included studies [28, 38], and only one of them 
reported results with precision [38]. Overlap between sys-
tematic reviews concerning their primary studies was lack-
ing in places, and potentially lower than might be expected 
for systematic reviews conducted between 2019 and 2023. 
The extent of overlap between primary studies can be found 
in a table in the Online Resources Materials. While differ-
ences in years accounts for some of this, we believe that vari-
ance in search strategy, including some reviews only using 
a single database also contributed. Searching more than one 
database is the gold standard for systematic reviews [39–42]. 
We did not consider Google Scholar a database because 
results are impacted by Google’s search algorithm and are 
therefore not necessarily reproducible. Further, other data-
bases listed in Table 1, such as Medline and Pubmed, have so 
much overlap they don’t meet the criteria to be considered as 
separate [42]. Our use of the PRIOR guidelines further high-
lighted that only half of the systematic reviews used a bias 
assessment tool [28, 38]. All reviews used PRISMA and/or 
PICOS guidelines. Accordingly, we assessed the quality of 
systematic reviews included in our umbrella review to be 
mixed.

RQ 1: How is neurosurgical performance being 
measured in VR environments?

The four systematic reviews described and discussed dif-
ferent metrics (see Table 2), but we found that the majority 
reported on performance metrics that could be reliably clas-
sified as being related to time (time to task completion or 
procedure-specific time to task completion) kinematics (sur-
gical tool movement; velocity, jerk acceleration), and force 
(maximum force, sum of forces, and duration of excessive 
forces applied) [28, 37, 38, 43]. See Table 3 for all metric 
classification groupings.

RQ 2: What does (a) each review conclude 
about the efficacy of performance metrics and (b) 
what can be concluded collectively?

The review conducted by Chan et al. [37] concluded that the 
metrics they identified such as time to completion of sur-
gical procedure, distance to target, total distance travelled, 
and surgical tool movement were able to distinguish expert 
neurosurgeons from junior residents, as well as predict par-
ticipants’ training levels. More specifically, force metrics 
and looking at the maximum force applied during a par-
ticular procedure allowed researchers to accurately discern 

between expertise levels [37]. The review conducted by 
Davids et al. [38] used metrics to assess improvements in 
performance following simulation practice. Their review 
highlighted significant improvements in procedural-specific 
skill acquisition, as well as procedural-specific speed and 
time improvements when using various forms of simula-
tion [38]. The review by Titov et al. [28] concluded that 
metrics can adequately distinguish experts from novices; 
specifically, force applied, use of both instruments, more 
touches to the adjacent structures, tool acceleration and dis-
sector jerks. Lee and Wong’s [43] review included studies 
that assessed the ability of different metrics to distinguish 
novice from expert surgeons; however, these were not dis-
cussed in the review. Collectively, all three of the systematic 
reviews that discussed the efficacy of performance metrics 
concluded that metrics can be used to distinguish experts 
from novices (two) or assess improvements in performance 
following simulation practice (one).

RQ 3: What is the role of AI in training 
and assessment?

Currently, the primary use of AI in neurosurgical VR is to 
assess skills, provide information about the learner, and pre-
dict and classify training levels amongst participants. When 
looking into feedback being provided to learners based on 
their assessment, only one study [5] included in the review 
by Titov et al. [28], described the use of a virtual operative 
assistant (VOA) to facilitate feedback being given to learn-
ers. In this study, the VOA was shown to be a powerful AI 
tool, capable of generating similar cognitive and emotional 
responses as an expert tutor within learners [5]. Students 
who were trained by the VOA also showed better outcomes, 
such as higher expertise and objective structured assess-
ment of technical skills (OSATS) scores when compared to 
expert-tutored and control groups [5].

Discussion: recommendations 
and limitations

We used an umbrella review to analyze current systematic 
reviews and provide a comprehensive understanding of the 
currently available use of AI metrics in neurosurgical VR 
and evidence of their effectiveness. A current challenge to 
synthesizing this literature is the use and inconsistent label-
ling of a variety of metrics. For example, Chan et al. [37] 
defined the time to complete brain resections as “Time”, 
while Davids et al. [38] defined this same metric as “Speed” 
and Lee and Wong [43] described this as “Duration of opera-
tion”. While the descriptions of these metrics matched, they 
were labelled differently. As a result, we classified them 
under the same domain of “Time”. Such labelling variations 
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can create ambiguity within the scientific community when 
it comes to understanding which metrics should be used to 
assess surgeon performance. We contribute to supporting a 
more united understanding of metrics by classifying them 
into nine domains, three of which were especially domi-
nant metric domains for assessing surgical performance: 
kinematics, force, and time. While only highlighted in two 
of the four analyzed reviews, we propose that “safety” is 
an equally important if not the most important domain to 
consider when assessing surgeon performance with metrics. 
Indeed, recent literature has indicated that surgical safety 
emerged as being the most related to trainee expertise in 
a surgical environment when VR surgical simulations are 
assessed with artificial neural networks [44–46]. Another 
critical observation we made from our umbrella review was 
that while most reviews identified a time metric, “efficiency” 
is an important time-related metric we felt was not given full 
consideration. Efficiency not only includes task completion Ta
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Table 3  Combined list of all metrics extracted from the 4 studies, 
classified by domain

All metrics Metrics defined by reviews

Distance Distance to target
Total distance travelled

Time Task completion time
Time of contact
Time under fluoroscopy
Speed
Duration of operation

Kinematics Velocity
Acceleration
Jerk
Instrument motion
Tool path length
Total tip path length
Efficient use of aspirator
Ultrasonic aspirator path length
Ultrasonic aspirator bimanual forces ratio

Force Maximum force applied
Cumulative sum of forces
Duration of excessive forces applied
Maximum and sum of forces used by 

instruments
Blood loss Volume of total blood loss
Volume of resection Volume of tissues removed

Tumor percentage resected
Normal tissue percentage resected
Extent of resection

Accuracy Accuracy
Safety Safety
Skill Knowledge
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time but should also consider the quality of the operative 
performance. In other words, efficiency is important because 
speed without consideration of surgical outcome holds lim-
ited value.

Concerning efficacy, all three of the systematic reviews 
that discussed the efficacy of performance metrics concluded 
that metrics can be effectively used to distinguish experts 
from novices or assess improvements in performance fol-
lowing simulation practice. We recommend that researchers 
draw on our metric classification, as the literature continues 
to develop, to conduct a meta-analysis to examine the rela-
tive efficacy of each of these metrics to weigh the relative 
evidence of each and to do so for different procedures and 
specialties. In the meantime, our review suggests that time, 
kinematics, and force are especially widely used and gener-
ally effective metrics to assess surgical performance.

We noted several important gaps in the literature while 
conducting this review. Notably, that non-technical skills 
receive very little attention in the development and testing 
of surgical performance metrics. Given that non-technical 
skills, such as communication and collaboration, have been 
linked to both neurosurgical errors [47] and patient com-
pliance and outcomes [48] and that these are also increas-
ingly identified as core competencies for surgeons [49], AI-
enhanced VR should also be used to scaffold such skills. A 
recent scoping review of AI and VR in doctor-patient risk 
communication [16] identified three neurosurgery studies 
[50–52], none of which formally assessed trainees’ com-
munication skills (with or without AI metrics). Surgical edu-
cation should leverage the affordances of VR and AI to not 
only perform technical skills but communicate with mem-
bers of the inter-professional OR team and patients. Surgi-
cal trainees can practice such skills by having conversations 
with virtual agents, referred to as non-playable characters 
in videos games, using either pre-selected text options or, 
where natural language processing (NLP) allows, speaking 
or typing their response. Research in the broader artificial 
intelligence in education community has demonstrated that 
such interactions can be effective for learning and collaborat-
ing, such as establishing goals using NLP [53, 54].

Another notable gap in research and practice is the rela-
tively narrow use of AI. While our umbrella review high-
lights the promise that AI metrics hold for assessing per-
formance, very few studies took advantage of the potential 
for AI to provide feedback to trainees. This is particularly 
unfortunate as it fails to capitalize on an important compo-
nent of simulation that can be easily delivered and at scale. 
Further, failing to provide feedback to support learning and 
deliberate practice positions such technologies as exclusively 
research rather than educational tools one conducts research 
on to improve education [55]. Given the use of simulations 
as typically formative rather than summative (high-stakes) 
educational activities and skill assessments, it is reasonable 

to assume that AI metrics in VR environments will serve a 
similar role. If that is the case, surgical educators will find 
that the accuracy of metrics is only one core aspect. How 
the feedback is delivered to learners, simulation and sur-
gical educators, and program directors will matter. Future 
programs of research should consider not only comparing 
AI to human feedback, but also conducting research to bet-
ter understand what the right type of feedback looks like—
something that is expected to vary not just by whether the 
person receiving feedback is a trainee or educator. Dimen-
sions to consider include the timing, frequency, emotional 
and motivational messaging, personalized recommenda-
tions for further practice based on observed weaknesses and 
strengths, as well as user experience considerations, such 
as graphical summaries and learner dashboards [56]. In 
addition to considering how feedback is delivered, surgical 
educators should closely examine how it is received. Recent 
research has shown, for example, that an AI-enhanced cur-
riculum for bimanual surgical skills resulted in unintended 
changes that improved performance in safety but negatively 
affected some efficiency metrics [57].

Related to the above limitation of AI metrics being domi-
nantly shared with researchers rather than trainees is the 
potential for such metrics to eventually be deployed in real-
time during non-simulated training, such as interactions with 
patients or parts of surgical procedures. A recent review of 
current applications of AI in the operating room only identi-
fied nine studies, but a wide range of potential applications 
including procedure duration prediction, gesture recogni-
tion, intraoperative cancer detection, intraoperative video 
analysis, workflow recognition, an endoscopic guidance 
system, knot-tying, and automatic registration and tracking 
of the bone in orthopedic surgery [58]. While such research 
is in the very early phases and more appropriate for aug-
mented than virtual reality, it reinforces the need for feed-
back to be received by and tested by stakeholders other than 
researchers.

Finally, one of the advantages of VR simulations is the 
use of virtual assets and associated opportunities to evalu-
ate trainees on not only a range of procedures, but a range 
of patients [59]. When it comes to neurosurgery, the use 
of digital twins [60, 61] of typical or atypical patient cases 
stands to provide trainees with a greater range of experi-
ences and associated difficulty levels. Such training would 
likely require a more longitudinal research design than most 
studies to date have explored (for good reason), but such a 
direction holds educational promise as the field matures.

This umbrella review was limited by our ability to only 
draw upon four systematic review studies to address our 
questions. Further, the quality of these systematic reviews 
was mixed. While this was sufficient to conduct an umbrella 
review, a greater number of studies would both reflect a 
more mature field and potentially yield additional insights.
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Conclusion

This umbrella review provides an overview of the current 
literature supporting the use of VR in neurosurgical train-
ing. We shared and applied a unifying classification of AI 
metrics for evaluating neurosurgery and identified time, 
kinematics, and force as dominant metrics. Concerning 
efficacy, all three of the systematic reviews that discussed 
the efficacy of performance metrics concluded that they 
can be effectively used to distinguish experts from novices 
or assess improvements in performance following simula-
tion practice. This article also highlighted some key gaps 
and future directions in surgical education research and 
practice. Proximal future directions included developing 
AI metrics to assess non-technical skills, sharing person-
alized feedback with trainees on their performance and 
assessing how feedback can be best delivered with atten-
tion to how it is received by different learners. We also 
encouraged surgical educators to take advantage of the 
flexibility of virtual assets to present varied and diverse 
cases to trainees and explore their learning curves not only 
on typical procedures, but also on increasingly challenging 
or atypical patient cases. Digital twin technology could be 
used to support this direction. More distal future directions 
include implementing AI metrics in practice, but through 
the use of augmented reality rather than VR. Overall, our 
review suggests the future is bright when it comes to VR 
and AI metrics for neurosurgical education and there are 
many under-explored and promising places to take rapidly 
evolving technologies.

Summary box

• Virtual reality and artificial intelligence in surgical 
education have the potential to address contemporary 
challenges in surgical education.

• Due to the rapid growth of literature in VR and AI, it 
is essential to systematically evaluate and reflect on 
the current evidence regarding AI’s role in assessing 
trainees’ performance.

• The use of AI in distinguishing expertise levels and 
assessing performance improvements in neurosurgical 
VR is evident, with time, kinematics, and force identi-
fied as dominant metric domains.

• Current literature lacks focus on non-technical skills, 
the delivery and reception of AI feedback, and explor-
ing how to leverage virtual assets to practice on a 
diverse range of patient cases.

• The future of VR and AI metrics in neurosurgical edu-
cation is promising, with potential advancements in 

assessing non-technical skills, delivering personalized 
feedback, and incorporating augmented reality for real-
time applications.

Where to find more information

• A systematic review of virtual reality for the assessment 
of technical skills in neurosurgery—https:// pubmed. ncbi. 
nlm. nih. gov/ 34333 472/

• Simulation for skills training in neurosurgery: a system-
atic review, meta-analysis, and analysis of progressive 
scholarly acceptance—https:// pubmed. ncbi. nlm. nih. gov/ 
32944 808/

• Neurosurgical skills analysis by machine learning mod-
els: systematic review—https:// pubmed. ncbi. nlm. nih. 
gov/ 37191 734/

• Virtual reality and augmented reality in the management 
of intracranial tumors: A review—https:// pubmed. ncbi. 
nlm. nih. gov/ 30642 663/
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tary material available at https:// doi. org/ 10. 1007/ s44186- 024- 00284-z.
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