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The subpial resection of brain tumors that are adja-
cent to critical cortical structures is a challenging 
operative procedure and one in which neurosurgi-

cal trainees are expected to acquire proficiency.1 Techni-
cal errors in this complex bimanual skill include injury 
to adjacent normal tissues and hemorrhage from subpial 

vessels, which can result in significant patient morbidity.1 
Our group developed complex and realistic virtual real-
ity (VR) tumor resection tasks to aid learners in master-
ing this skill.2,3 We also used artificial intelligence (AI) to 
quantitate the multiple components of the bimanual psy-
chomotor skills utilized to successfully perform complex 
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OBJECTIVE  Understanding the variation of learning curves of experts and trainees for a given surgical procedure is 
important in implementing formative learning paradigms to accelerate mastery. The study objectives were to use artificial 
intelligence (AI)–derived metrics to determine the learning curves of participants in 4 groups with different expertise 
levels who performed a series of identical virtual reality (VR) subpial resection tasks and to identify learning curve differ-
ences among the 4 groups.
METHODS  A total of 50 individuals participated, 14 neurosurgeons, 4 neurosurgical fellows and 10 senior residents 
(seniors), 10 junior residents (juniors), and 12 medical students. All participants performed 5 repetitions of a subpial 
tumor resection on the NeuroVR (CAE Healthcare) platform, and 6 a priori–derived metrics selected using the K-nearest 
neighbors machine learning algorithm were used to assess participant learning curves. Group learning curves were 
plotted over the 5 trials for each metric. A mixed, repeated-measures ANOVA was performed between the first and fifth 
trial. For significant interactions (p < 0.05), post hoc Tukey’s HSD analysis was conducted to determine the location of 
the significance.
RESULTS  Overall, 5 of the 6 metrics assessed had a significant interaction (p < 0.05). The 4 groups, neurosurgeons, 
seniors, juniors, and medical students, showed an improvement between the first and fifth trial on at least one of the 6 
metrics evaluated.
CONCLUSIONS  Learning curves generated using AI-derived metrics provided novel insights into technical skill acquisi-
tion, based on expertise level, during repeated VR-simulated subpial tumor resections, which will allow educators to 
develop more focused formative educational paradigms for neurosurgical trainees.
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tumor resection tasks.4,5 VR and AI technology can be 
employed to further our understanding of how repetition 
aids trainees in improving surgical performance.6 By plot-
ting the process of learning over time on specific metrics, 
a series of learning curves can be developed that demon-
strate a trainee’s improvement.7–9 Surgical learning curves 
are graphical representations of the relationship between 
how proficient surgeons are at an operative task, such as 
subpial resection, and the amount of experience they have 
in that designated bimanual performance. Trainee learn-
ing curves, at various stages of skill acquisition, may be 
useful to surgical educators in developing formative learn-
ing strategies since they can help deconstruct which skill 
components may be most useful to the rate of improve-
ment.

VR simulator performance data provide an opportunity 
to assess individual learning curves and group learning 
curves for different levels of expertise in a standardized, 
no-risk environment.8,9 VR surgical simulators can record 
immense data sets concerning surgical procedures, such 
as the subpial resection, and this technology has been used 
to develop new quantitative assessment metrics.5,10–14 Our 
group has applied machine learning algorithms to these 
data sets to uncover specific surgical and operative factors 
associated with surgical performance.4,5,10,11 A K-nearest 
neighbors algorithm achieved an accuracy of 90% using 6 
performance features (metrics), allowing classification of 
surgical expertise with greater granularity and precision.5 
The determination of these 6 AI-derived metrics through 
machine learning methodologies provided a unique op-
portunity to develop and assess individual learning curves 
for each of the 4 groups assessed in this study: neurosur-
geons, senior and junior neurosurgical trainees, and medi-
cal students.

We sought to test two hypotheses: that all groups stud-
ied would show improvement in their learning curves, 
generated using AI-derived metrics during a repeated 
VR subpial resection task, and that junior neurosurgical 
trainees and medical students would demonstrate more 
improvement than the other groups. The specific objec-
tives were 1) to determine the learning curves of groups 
with different levels of expertise using the 6 metrics pre-
viously outlined by the K-nearest neighbors algorithm, 
and 2) to identify the specific differences in the learning 
curves among the 4 groups. To our knowledge, this is the 
first time that metrics for differentiating surgical expertise 
with a machine learning algorithm have been used to gen-
erate learning curves to assess expertise on a VR surgical 
simulator. The results from this study provide novel infor-
mation that may contribute to an increased understanding 
of the continuum of learning through all levels of exper-
tise.

Methods
Study Participants

Neurosurgeons, neurosurgical fellows and residents, 
and medical students who expressed interest in neurosur-
gery or who were rotating on the neurosurgical service 
at one Canadian university were invited to participate. 
Demographic data regarding participants’ age, handed-

ness, level of expertise, and prior use of surgical simula-
tors were collected before trial participation. Data were 
recorded at a single time point; no follow-up was carried 
out. All procedures were in accordance with the ethical 
standards of the responsible committee on human experi-
mentation (institutional and national) and with the Dec-
laration of Helsinki.15 All participants signed a consent 
form before trial participation that was approved by the 
McGill University Health Centre Research Ethics Board, 
Neurosciences-Psychiatry. This study follows CONSORT-
AI guidelines and the best practices for Machine Learning 
to Assess Surgical Experience (MLASE) reporting guide-
lines.16,17

NeuroVR Simulator and Simulation Scenario
The NeuroVR platform (CAE Healthcare), a high-fidel-

ity VR neurosurgical simulator, provides 3D visual opera-
tive experience with haptic feedback (Fig. 1A and B).3,18,19 
The VR-simulated subpial practice scenario consists of a 
yellow band representing the cortical tumor, with an un-
derlying blood vessel, covered with a simulated pial mem-
brane incorporated into simulated normal white matter. 
Utilizing a simulated ultrasonic aspirator in the dominant 
hand and simulated bipolar forceps in the nondominant 
hand, participants carried out the subpial tumor resection 
5 times (Fig. 1C). A demonstration of the task is featured 
in Video 1. 

VIDEO 1. A trainee performs the simulated subpial resection on 
the NeuroVR simulator using bipolar forceps in the nondominant 
hand and a simulated ultrasonic aspirator in the dominant hand. 
Copyright Nicole Ledwos. Published with permission. Click here to 
view.

Participants were given 3 minutes to complete each sim-
ulated resection. These tasks were specifically designed 
to model a subpial brain tumor resection procedure as it 
would be performed in patients (Fig. 1D and E).2 Partici-
pants were asked to complete a tumor resection while min-
imizing bleeding and injury to the surrounding simulated 
normal tissue (Fig. 1F). They were provided with written 
and verbal instructions. The NeuroVR platform recorded 
data, in 20-msec increments, on the utilization of the two 
simulated instruments, including instrument activation, 
instrument tip coordinates, instrument force applied, and 
tumor and surrounding tissue contact. The platform also 
recorded operative factors such as the amount of tumor 
resected, bleeding, and healthy tissue removal.

Performance Metrics
Six performance metrics utilized by the K-nearest 

neighbors algorithm to classify individuals into 4 levels 
of expertise with a 90% accuracy were employed in this 
study.10 Although multiple algorithms were tested and 
several metrics were described in our previous paper, 
the authors chose the metrics employed by the most ac-
curate machine learning model, the K-nearest neighbors 
algorithm. These 6 performance metrics were subcatego-
rized into 1) metrics applicable to the entire scenario and 
2) metrics specific to the tumor resection. Metrics appli-
cable to the entire scenario included the mean instrument 
tip distance, median change in force of the aspirator, and 
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median velocity of the aspirator. Metrics specific to the 
tumor resection included the mean change in force of the 
aspirator, median velocity of the aspirator, and mean de-
celeration of the aspirator. These metrics were employed 
in this study to outline the learning curves of each of the 4 
groups. Performances on trial 1 and trial 5 were compared 
between expertise groups.

Statistical Analysis
The first trial was considered the participants’ baseline 

level of performance. Learning curves were generated and 
assessed by comparing the performance for each group 
between the first and the fifth trial for each of the 6 met-
rics. The Shapiro-Wilk test was conducted for each metric 
to check for normality of data distribution (p > 0.05). Sig-
nificance was assessed using a mixed repeated-measures 
analysis of variance (mixed ANOVA) using IBM SPSS 
Statistics version 26 (IBM Corp.). For metrics with a sig-
nificant interaction (p < 0.05), post hoc Tukey’s HSD anal-
ysis was conducted in Matlab R2018a (The MathWorks, 
Inc.) to determine if there were differences within each 
group and between each group on trial 1 and trial 5. The 
Kruskal-Wallis nonparametric test was conducted to de-
termine age differences between groups. In addition, the 
chi-square test was used to determine the association be-
tween groups and prior experience using a VR simulator. 
Both tests were run using IBM SPSS Statistics.

Results
Participants

Fifty participants were classified a priori into the 4 ex-
pertise groups: 14 neurosurgeons, 4 neurosurgical fellows 
and 10 senior neurosurgical residents in training years 4 
to 6 (seniors), 10 junior neurosurgical residents in training 
years 1 to 3 (juniors), and 12 medical students. One neu-
rosurgeon was excluded for not completing all trials. Par-
ticipant demographic data regarding age, handedness, and 
level of expertise are displayed in Table 1. The neurosur-
geon group was significantly older than all other groups, 
and the medical student group was significantly younger 
than seniors. Neurosurgeon subspecialization covered a 
wide range of practice, with most participants (8, 62%) pri-
marily involved in cranial surgery (Table 1). A total of 25 
individuals (51%) had previous experience using a surgi-
cal simulator. However, there was no association between 
groups and prior use of a simulator. The number of com-
plete subpial tumor resections performed previously varied 
significantly between groups, with the neurosurgeon group 
having completed more subpial resections compared with 
juniors (p = 0.008) and seniors (p = 0.002).

Performance Metrics
The results of the mixed repeated-measures ANOVA 

indicated that 5 of the 6 metrics assessed had a significant 

FIG. 1. A–C: Photographs of the NeuroVR simulator (A), a participant performing a simulated task on the NeuroVR (B), and the 
handles used for the subpial resection on the NeuroVR (C). D–F: Images showing the operative view of the simulated subpial 
scenario, including a participant elevating the pia mater with the bipolar and resecting tumor (D), the subpial scenario exposing 
the hidden simulated vessel behind the tumor (E), and a participant resecting simulated tumor (F). Panels D–F: Copyright Nicole 
Ledwos. Published with permission. Figure is available in color online only.
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interaction term (p < 0.05), and post hoc testing indicated 
significant changes between groups in the same 5 metrics.

The mean instrument tip distance over the whole sce-
nario (Fig. 2) demonstrated a significant interaction (p = 
0.019). Post hoc testing revealed that only the medical stu-
dent group had a significantly decreased mean instrument 
tip distance between trials 1 and 5 (p = 0.014). Neurosur-
geon, senior, and junior groups had no significant dif-
ferences between trial 1 and trial 5, indicating relatively 
stable tip distances across the 5 trials. On the first trial, 
the medical student group had a significantly larger mean 
instrument tip distance compared with the neurosurgeon 
(p < 0.001) and senior (p < 0.001) groups. On the fifth 
trial, the neurosurgeon group had a significantly smaller 
mean instrument tip distance compared with the junior (p 
= 0.023) and medical student (p = 0.026) groups.

The second metric assessed the median change in 
force of the aspirator over the whole scenario (Fig. 3) 
and showed a significant interaction (p = 0.003). Post hoc 
analysis demonstrated that the neurosurgeon (p < 0.001), 
senior (p < 0.001), and junior (p = 0.012) groups showed 
a significant increase in median aspirator change in force 
between trial 1 and trial 5. The neurosurgeon group had a 
significantly higher median aspirator change in force com-
pared with all other groups on trial 5 (senior, p = 0.001; 
junior, p = 0.033; and medical student, p < 0.001).

The median aspirator velocity over the whole scenario 
(Fig. 4) had a significant interaction (p = 0.018). Post hoc 
analysis revealed that the neurosurgeon (p = 0.028) and 
junior (p = 0.026) groups had a significantly higher aspi-

rator median velocity when comparing trial 1 and trial 5. 
The neurosurgeon group also had a significantly higher 
median velocity compared with the senior group on trial 1 
(p = 0.013) and trial 5 (p = 0.011). The neurosurgeon group 
had a significantly higher median velocity compared with 
the medical student group on trial 5 (p = 0.016). The junior 
group also had a higher median velocity on trial 5 com-
pared with both the senior (p = 0.037) and medical student 
(p = 0.047) groups.

The remaining 3 metrics were focused on aspirator 
force, velocity, and deceleration during the tumor resec-
tion procedure. The mean change in aspirator force while 
resecting tumor (Fig. 5) demonstrated a significant inter-
action (p = 0.016). Post hoc analysis revealed that the neu-
rosurgeon (p = 0.003), senior (p = 0.015), and junior (p = 
0.033) groups showed a significant increase between trial 
1 and trial 5. Between-group analysis demonstrated that 
only the senior and medical student groups were signifi-
cantly different on trial 1 (p = 0.028).

The final metric with a significant interaction was 
the median aspirator velocity while resecting tumor (p = 
0.003) (Fig. 6). Both the neurosurgeon (p = 0.049) and ju-
nior (p = 0.030) groups showed an increase in the mean 
aspirator velocity between trial 1 and trial 5. On trial 1 and 
trial 5, the neurosurgeon group had a significantly higher 
median aspirator velocity compared with the senior (p = 
0.024) and medical student (p = 0.020) groups. On trial 
5, the neurosurgeon group had a higher median aspirator 
velocity compared with the senior (p = 0.006) and medical 
student (p < 0.001) groups.

TABLE 1. Demographic data

Neurosurgeons, 
n = 13

Seniors (neurosurgical fellows 
& residents, yrs 4–6), n = 14

Juniors (neurosurgical 
residents, yrs 1–3), n = 10

Medical 
Students, n = 12

Median age, yrs (range) 44 (33–59) 33 (29–35) 30 (27–38) 23 (23–26)
Handedness, n (%)
  Rt 12 (92) 12 (86) 9 (90) 10 (83)
  Lt 1 (8) 2 (14) 1 (10) 2 (17)
Sex, n (%) 
  M 13 (100) 13 (93) 8 (80) 6 (50)
  F 0 1 (7) 2 (20) 6 (50)
Median no. of yrs of practice (range) 12 (1–25) NA NA NA
Neurosurgical subspecialty, n (%)
  Spine 5 (38) NA NA NA
  Oncology & epilepsy 3 (23) NA NA NA
  Skull base 2 (15) NA NA NA
  Pediatrics 2 (15) NA NA NA
  Cerebrovascular 1 (8) NA NA NA
Mean no. of subpial resections self-reported (SD)
  Partial 27.8 (82.3) 24.5 (37.8) 6 (14.2) NA
  Complete 213.1 (283.3) 11.2 (14.7) 1 (2.3) NA
Previous experience, n (%)
  w/ a VR simulator 6 (46) 10 (71) 6 (60) 3 (25)
  w/ the NeuroVR 6 (46) 9 (64) 6 (60) 1 (8)

NA = not applicable.
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The mean aspirator deceleration while resecting tumor 
did not demonstrate a significant interaction term, and 
post hoc testing did not indicate significant changes be-
tween groups for this metric (Fig. 7).

Discussion
Our study confirms that previously employed metrics 

used by the K-nearest neighbors machine learning algo-
rithm for expertise classification can be utilized to develop 
and assess the learning curves of individuals performing 
a VR-simulated neurosurgical task. Each of the 4 groups 
studied demonstrated a significant change in learning 
curve performance between trial 1 and trial 5 for at least 

one of the 6 stated metrics. These results support our hy-
pothesis that all groups would show improvement during 
repeated performance of a VR subpial resection task using 
the AI-derived metrics. However, contrary to our second 
hypothesis, the neurosurgeon and junior groups demon-
strated a significant change in learning curve performance 
between trial 1 and trial 5 in 4 of the 6 metrics. The senior 
group demonstrated improvement in 2 metrics. Although 
there was a trend to an increased median change in as-
pirator velocity over both the whole scenario and during 
tumor resection, this was not significant. The medical stu-
dent group showed a significant change in performance in 
only 1 metric.

FIG. 2. A: Line graph showing the learning curves for each expertise level over 5 trials for the mean instrument tip distance over 
the whole scenario. B: Boxplot showing between-trial analysis and between-group analysis for the mean instrument tip distance 
over the whole scenario for each group: neurosurgeons (n = 13), seniors (n = 14), juniors (n = 10), and medical students (n = 12). 
The plus sign (+) represents an outlier; black dots indicate the mean and red lines indicate the median. *p < 0.05; ***p < 0.001. 
Figure is available in color online only.
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The mean instrument tip distance over the whole sce-
nario remained quite stable for the neurosurgeon, senior, 
and junior groups. Since this metric demonstrated stability 
across these three expertise levels, it supports the concept 
that a small mean instrument tip distance is an important 
component of expertise for this simulated task and may be 
acquired early during training. The medical student group 
had a significantly reduced mean instrument tip distance 
during self-directed learning between trial 1 and trial 5, 
consistent with the implied important role for this metric 
task performance. This suggests that this metric may be 
useful in the training of bimanual technical skills for nov-
ice and less-skilled individuals, and that the smaller mean 

instrument tip values seen in the neurosurgeon and senior 
groups appear to be optimal (Fig. 2).

Neurosurgeon, senior, and junior groups demonstrated 
a significant mean change in the force of the aspirator met-
ric during tumor resection over the whole scenario. For 
these 3 groups, a significant increase in aspirator force was 
found between trial 1 and trial 5, which supports the con-
cept that an increasing mean aspirator force, as a dynamic 
psychomotor skill change, is associated with expertise and 
self-directed learning during this task. For this metric, fo-
cusing neurosurgical trainee self-learning on increasing 
the mean forces to that of the neurosurgical group values 
appears appropriate. A similar pattern was demonstrated 

FIG. 3. A: Line graph showing the learning curves for each expertise level over 5 trials for the median aspirator change in force 
over the whole scenario. B: Boxplot showing between-trial analysis and between-group analysis for the median aspirator change 
in force over the whole scenario for each group: neurosurgeons (n = 13), seniors (n = 14), juniors (n = 10), and medical students (n 
= 12). The plus sign (+) represents an outlier; black dots indicate the mean and red lines indicate the median. *p < 0.05; **p < 0.01; 
***p < 0.001. Figure is available in color online only.
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for the median change in aspirator velocity while resect-
ing tumor. This metric increased between trial 1 and trial 
5 in the neurosurgeon, senior, and junior groups, suggest-
ing that this metric was also important for expertise in 
this task and that neurosurgical trainees should strive to 
achieve neurosurgeon group values. For the medical stu-
dent group, there were no significant changes for these 2 
metrics, suggesting that for this group’s level of ability, 
self-directed learning for these metrics was not prominent. 
Medical student self-directed learning should also focus 
on increasing the values in these 2 metrics. The median 
aspirator velocities over the whole scenario and during tu-
mor resection were found to significantly increase for both 
the neurosurgeon and junior groups, but not for the senior 
group. The reason for this divergence between the senior 

group and neurosurgeon and junior (resident) groups in 
these 2 metrics is unclear. This discontinuous learning 
pattern has been reported previously by our group and 
needs further investigation.11 However, focusing all neuro-
surgical learners on achieving neurosurgical group values 
seems reasonable.

Although most of the metrics demonstrated a signifi-
cant difference between trials, the mean aspirator de-
celeration while resecting tumor did not. The results of 
this metric have demonstrated numerous outliers in each 
group, and this large variation in the data may have con-
tributed to the lack of group differences. Furthermore, 
the K-nearest neighbors algorithm used in the previous 
study did not investigate the change between trials or the 
interaction of groups and time.10 Rather, the algorithm as-

FIG. 4. A: Line graph showing the learning curves for each expertise level over 5 trials for the median aspirator velocity over the whole 
scenario. B: Boxplot showing between-trial analysis and between-group analysis for the median aspirator velocity over the whole 
scenario for each group: neurosurgeons (n = 13), seniors (n = 14), juniors (n = 10), and medical students (n = 12). The plus sign (+) 
represents an outlier; black dots indicate the mean and red lines indicate the median. *p < 0.05. Figure is available in color online only.
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sessed the interactions among multiple specific differen-
tiating factors between groups to help accurately classify 
individuals.

The assessment of learning curves using VR simulation 
presents a unique opportunity to understand the acquisi-
tion of surgical psychomotor skills outside the operative 
environment. The COVID-19 pandemic has resulted in a 
reduction of in-person learning opportunities and the can-
cellation of elective cases.20,21 Using innovative method-
ologies that combine machine learning and VR to assess 
learning can help mitigate some of these consequences 
by allowing technical skills surgical training to continue, 
even in the midst of a pandemic.

Implications for AI-Based Teaching
Our results have implications for the development of 

AI-powered tutoring systems for VR surgical simula-
tion. Previous studies have outlined the ability of machine 
learning algorithms to automate surgical performance 
classification.5,10,11 However, these results have failed to 
demonstrate the ability of these derived metrics to improve 
surgical performance. Our results highlight that neurosur-
geons, senior and junior neurosurgical trainees, and medi-
cal students can improve their learning curve performance 
on some metrics that were used for expertise classification 
by the K-nearest neighbors machine learning algorithm. 
More generally, these results indicate that metrics derived 

FIG. 5. A: Line graph showing the learning curves for each expertise level over the 5 trials for the mean aspirator change in force 
while resecting tumor. B: Boxplot showing between-trial analysis and between-group analysis for the mean aspirator change in 
force while resecting tumor for each group: neurosurgeons (n = 13), seniors (n = 14), juniors (n = 10), and medical students (n = 
12). The plus sign (+) represents an outlier; black dots indicate the mean and red lines indicate the median. *p < 0.05; **p < 0.01. 
Figure is available in color online only.
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from AI for classification purposes can also be used to im-
prove surgical performance. Although this has only been 
investigated in the context of a neurosurgical task, it is rea-
sonable to suggest that these results could be generalized to 
other surgical fields that have used AI metrics for classifi-
cation purposes. Additionally, learning curve performance 
improved for these metrics even without specific coaching 
or knowledge of which metrics were being assessed. This 
suggests that it is reasonable to develop randomized con-
trolled trials comparing participant learning curves on VR 
simulators using metrics selected by AI algorithms with 
instructor-based systems. The results of this study further 
underline the importance of selecting metrics that are ap-
propriate for different learners because the type and quan-

tity of metrics, as well as the type of instructional support, 
may vary by expertise level. Using defined metrics, as out-
lined in this study, surgical educators can assess trainee 
learning curves and provide personalized feedback to im-
prove performance. Learners can compare their individual 
learning curves with those of expert groups and focus on 
specific metrics that need improvement.

The Virtual Operative Assistant (VOA) is an AI-pow-
ered tutoring platform that relies on repetitive practice on 
a VR surgical simulator to achieve performance mastery 
on specific instrument motion and safety metrics.22 The 
combination of personalized AI-powered feedback and 
learning curve assessment could play an important role in 
helping surgical educators and trainees better understand 

FIG. 6. A: Line graph showing the learning curves for each expertise level over 5 trials for the median aspirator velocity while 
resecting tumor. B: Boxplot showing between-trial analysis and between-group analysis for the median aspirator velocity while 
resecting tumor for each group: neurosurgeons (n = 13), seniors (n = 14), juniors (n = 10), and medical students (n = 12). The plus 
sign (+) represents an outlier; black dots indicate the mean and red lines indicate the median. *p < 0.05; **p < 0.01; ***p < 0.001. 
Figure is available in color online only.
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how to improve surgical skills. To address this issue, our 
group is conducting a randomized controlled trial to as-
sess if VOA intelligent tutoring systems improve partici-
pant performance compared with expert educator instruc-
tion (ClinicalTrials.gov registration no. NCT04700384).

Limitations
There are limitations associated with this study. First, 

the decision to use the 6 metrics selected by the K-near-
est neighbors algorithm in the present investigation was 
based on their ability to classify expertise with greater 
precision in the same simulated VR study.5 Two of these 
metrics were also identified by 2 of the 3 different ma-
chine learning algorithms used in our previous research 
as important in expertise classification.5 However, some 

metrics that were not selected by the K-nearest neighbors 
algorithm were identified as useful by the other algorithms 
used.5 Further research is required to explore the learning 
curves associated with different machine learning models. 
Second, factors such as age and clinical experience were 
not controlled for in this study. Results indicated that the 
neurosurgeon group was significantly older and had more 
self-reported complete subpial resections compared with 
juniors and seniors. There was no association between 
groups and prior use of a simulator in this trial. However, 
some participants had more previous experience using VR 
simulators and this may have influenced their baseline 
performance. Studies with larger sample sizes are neces-
sary to investigate how factors such as age, clinical expe-
rience, and previous exposure to surgical simulation may 

FIG. 7. A: Line graph showing the learning curves for each expertise level over 5 trials for the mean aspirator deceleration while 
resecting tumor. B: Boxplot showing between-trial analysis and between-group analysis for the mean aspirator deceleration while 
resecting tumor for each group: neurosurgeons (n = 13), seniors (n = 14), juniors (n = 10), and medical students (n = 12). The plus 
sign (+) represents an outlier; black dots indicate the mean and red lines indicate the median. Figure is available in color online only.
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influence initial performance and learning curves. Third, 
participants were not provided feedback during the trials, 
and feedback may be an important factor in reducing the 
learning curve for performance improvement, especially 
in novices.9 A randomized controlled trial using a simi-
lar VR model is presently being conducted to obtain more 
clarity on the role personalized feedback plays in learning. 
Fourth, all individuals who participated in this study were 
from a single institution, therefore limiting the general-
ization of results. Fifth, this study demonstrated learning 
curve development on a VR simulator; however, further 
studies are needed to determine how these results trans-
late to learning surgical skills in a clinical setting and in 
other surgical fields. Finally, participants were assigned to 
a group based on their level of training. A more compre-
hensive method to classify the level of individual exper-
tise using quantitative assessment across a defined series 
of operative skills may improve the accuracy of learning 
curve assessment.

Conclusions
Learning curves created using AI-derived metrics, 

which enhance the precision of expertise classification 
during repeated VR-simulated subpial tumor resections, 
provide novel insights into technical skill acquisition. This 
insight will allow surgical educators to develop more fo-
cused formative educational paradigms to expedite neuro-
surgical trainee progress.
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