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Abstract
This study explored the impact of virtual reality (VR) training on improving the acquisition of basic robotic surgical skills 
by analyzing the effects of training in the daVinci Surgical System (dVSS) simulator from multiple perspectives. 27 subjects 
were randomly divided into a VR-training group and a control group, with the VR-training group (n = 12) receiving training 
on the dVSS simulator (XI) to achieve expert-specific proficiency status, and the control group (n = 15) receiving no training. 
All the subjects subsequently wore electroencephalography (EEG) equipment to perform 6 tasks and repeated 3 times on 
the dVSS simulator (SI). The Global Evaluative Assessment of Robotic Skills (GEARS) scores, dVSS scores, the National 
Aeronautics and Space Administration Task Load Index (NASA TLX) scores, and EEG data of all the subjects were col-
lected to conduct a comprehensive and multi-perspective analysis for dVSS training. Learning curve analysis revealed that 
all trainees improved their basic robotic surgical skills and reached a steady state after training. Compared with the control 
group, the VR-training group received higher the GEARS scores (24.91 ± 3.36 vs. 19.68 ± 3.07; p < 0.01) and dVSS scores 
and lower the NASA TLX scores (40.04 ± 10.55 vs. 48.2 ± 9.88; p < 0.01). In the EEG analysis, the VR-training group had 
higher scores in the Beta band and the Low-gamma band in the brain regions and had greater energy activation than did the 
control group. This randomized controlled trial combined subjective and objective evaluations to comprehensively analyze 
subjects' technical and nontechnical skills. It demonstrated that training on the dVSS simulator significantly improved trainees' 
basic robotic surgical skills and that they could achieve better basic robotic surgical skills at lower workloads. Trial registra-
tion: The study was retrospectively registered at the Chinese Clinical Trial Center. The trial registration number (TRN) was 
ChiCTR2400088465, and the registration day was August 20, 2024.
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Introduction

Robotic-assisted surgery has rapidly become commonplace 
in clinical practice. As a new technology, surgeons need 
to learn new skills to overcome its limitations compared 
with traditional surgery, such as reduced depth perception, 
reduced haptic feedback, the master–slave console mode, 
and specialized hand–eye–foot coordination [1]. Surgical 
simulation allows surgeons to practice surgical skills in 
a controlled and safe environment repeatedly [2], but the 
consensus [3] on training curricula and related evaluation 
and certification is still in the beginning stage [4].

It has been shown that robotic surgical learning has a 
steep learning curve [5] that requires surgeons to acquire 
appropriate technical and nontechnical skills [6]. Tech-
nical skills include understanding instruments, manual 
dexterity, camera control, clutch control, and spatial 
awareness; nontechnical skills include communication, 
cognitive skills, leadership, decision-making, and work-
load capacity [7]. The evaluation of surgical skills is 
changing from time- and procedure-volume-based evalu-
ation [8] to proficiency-based training and certification; 
however, the current evaluation scales used for skill evalu-
ation in robotic surgery are subjective, whereas objective 
feedback on technical skills is essential for the structured 
learning of surgical skills, and nontechnical skills related 
to the surgeon workload can also directly affect surgical 
outcomes [9].

The daVinci Surgical System (dVSS) simulator allows 
subjects to train in basic robotic surgical operations and 
provides a scoring system for evaluation. Previous studies 
[10] have shown that surgeons' skills in surgical robotic 
manipulation improve after training on the dVSS simula-
tor, and most of the methods for evaluating skill improve-
ment have been the Global Evaluative Assessment of 
Robotic Skills (GEARS) [11], time-based evaluations or 
dVSS simulator scores. Recently, more multidimensional 
evaluations have emerged, such as error-based operational 
analysis [12], anastomosis competency-based analysis 
[13], and physiological signal-based analysis [14], but 
reports on the predictive validity or benchmarking of these 
evaluation modalities are lacking.

The process of learning can be reflected in the learning 
curve. Nontechnical skills, especially mental load, directly 
affect surgeon performance and surgical outcomes. Cog-
nitive Load (CL) is often characterized as the amount of 
finite working memory resources an individual must allo-
cate to meet the cognitive demands of a task [15]. Howie 
[16] demonstrated that cognitive overload can have a nega-
tive impact on surgical training and performance. There-
fore, measuring CL and employing CL-based education 
techniques can reduce CL overall to enhance trainees’ 

surgical learning and encourage psychological safety. In 
robotic surgery training, researchers often use self-assess-
ment methods such as the NASA-TLX [17] to measure 
task workload. In addition, physiologic signals and other 
objectively measurable data are collected to establish 
correlations with nontechnical skills for evaluation. EEG 
[18], heart rate [19], and eye movements [20] are the most 
studied signals that indicate complex behaviors and brain 
load. EEG measures electrical activity in the brain and can 
assess cognitive processing. It has been used to continu-
ously assess brain activity during surgical performance 
[21]. While existing literature has utilized EEG for skill 
assessment, its focus has predominantly been on classify-
ing experienced and novice surgeons through EEG spectral 
analysis [22], without considering the changes in EEG and 
their significance in different scenarios, such as surgical 
training and different surgical procedures. However, the 
correlations between physiological signals and nontech-
nical skills still need to be explored in further research.

Therefore, a single evaluation in existing studies may not 
be able to comprehensively and effectively evaluate the level 
of surgeons' technical and nontechnical skills in robotic sur-
gical operations [23]. To validate the effectiveness of the 
dVSS simulator for training surgeons in basic robotic sur-
gical skills, we conducted a prospective randomized con-
trolled trial in which, first, the minimum number of training 
sessions required for trainees to become proficient in basic 
robotic surgical skills was determined through post-training 
learning curve plotting. Second, differences in technical 
skills between the training group and the control group on 
the dVSS simulator were compared through a multi-perspec-
tive evaluation analysis. Finally, the differences in cognitive 
activities between the training group and the control group 
during the experimental operation were explored through 
EEG analysis [24], which analyzed and assessed the sub-
jects' nontechnical skills such as brain work and cognitive 
load. The effects of the dVSS simulator on the training of 
basic robotic surgical skills and the influence of nontechnical 
skills on their ability to learn skills were comprehensively 
assessed.

Methods

Subject selection and randomization

All the subjects were informed about the experiment and 
signed an informed consent form. The experimental data 
were collected from January 2024 to April 2024. The 
study was registered at the Chinese Clinical Trial Center 
(ChiCTR2400088465).

All the subjects were divided into Residents (≤ 5 years 
of surgical experience) and Fellows (> 5 years of surgical 
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experience) with 5 years of surgical experience, and then 
randomly divided into the control group and the VR-training 
group via random number generation within the two tiers of 
the population, which ensured the balance of the number of 
cases between the groups and the reliability of the results of 
the experiment via hierarchical randomization grouping. The 
control group was taught the basic operations of the dVSS 
simulator (XI), such as the introduction of robot compo-
nents, interpretation of operational tasks, and adaptation to 
robotic arm operation. The VR-training group was required 
to complete operational tasks on the dVSS simulator (XI) 
and achieve proficiency. Before randomization into groups, 
all the subjects completed a basic demographic question-
naire. All the subjects were randomized into groups accord-
ing to 1:1 stratification (Fig. 1).

Design of the experiment

The training was conducted on the dVSS simulator (XI), a 
commercially available robotic surgical simulation platform 
specifically designed for training basic robotic surgical skills 
and widely accepted by colleagues worldwide. We surveyed 
two robotic surgery specialists and selected 6 tasks from the 
dVSS simulator (XI) and the other 6 tasks from the dVSS 
simulator (SI) to form a set of training task lists and experi-
mental task lists respectively (Appendix 1 in supplementary 
material). Proficiency in the training tasks was achieved by 
two robotic surgery specialists operating them until they 
were satisfied with their performance and felt that they could 
demonstrate their competence. Therefore, we defined train-
ing to proficiency as each trainee operating each task 10 or 

Fig. 1   Flowchart of the rand-
omized grouping used in the 
experiment. NASA TLX National 
Aeronautics and Space Admin-
istration Task Load Index; 
GEARS Global Evaluative 
Assessment of Robotic Skills. 
dVSS daVinci Surgical Sys-
temTM (Intuitive Surgical Inc); 
PSD power spectral density
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more times and scoring 85 or more consecutively three times 
during training.

After all the trainees achieved proficiency in each task, 
all the subjects wore EEG equipment (Siesta Wireless EEG 
Amplifier, Compumedics, Australia) to experiment on the 
dVSS simulator with 3 repeating rounds of 6 experimental 
tasks.

Evaluation methods

Learning curve

The learning curve was used to intuitively compare training 
results [25], learning curves were drawn for both the Fellows 
and Residents who participated in training and reached a 
qualified status, and the evaluation metrics shared in the 6 
training tasks were analyzed. Learning curve evaluation is 
limited to the first 10 practice attempts in training. To allow 
for comparisons between tasks of varying difficulty, all 6 
task scores were converted to a standardized Z-score.

GEARS

The GEARS score [26] was used to assess the robotic 
basic surgical skill level, which consists of 6 evaluation 
dimensions: depth perception, hand coordination, operat-
ing efficiency, autonomous operation, force perception, 
and mechanical arm control (Appendix 2 in supplementary 
material). The score is based on a five-point Likert scale, 
with higher scores indicating better performance. In this 
study, the GEARS score was evaluated by 10 graduate stu-
dents with non-medical backgrounds, and they watched the 
operation video and scored according to the six evaluation 
dimensions of the subject's ability of the spatial depth of the 
moving camera, the coordination of the two-handed moving, 
the time to complete the task, the fluency of the operation, 
the ability to complete the task autonomously, the percep-
tion and control of the object's compression deformation. 
Since the GEARS score requires the evaluator to spend a 
lot of time watching the operation video, the senior robotic 
surgeon has limited time and energy. Study [27] shows that 
there was a high degree of correlation between senior robotic 
surgeons and the general public when they watched videos 
of robotic operations for GEARS rating. After the general 
public was explained and screened by the GEARS evalua-
tion index, the evaluation scores of a large number of people 
were averaged, and it was found that a larger amount of data 
could cover up their shortcomings of without a professional 
background in clinical surgery, so there was no statistically 
significant difference between the GEARS scores of the 
general public and experts. Therefore, in this experiment, 
10 graduate students with non-medical backgrounds were 
invited to perform blind analysis of the robot operation 

videos of all subjects, 10 evaluators were trained to evalu-
ate before scoring, and then a relatively objective GEARS 
score was obtained, and all data analysis used the original 
scoring values.

NASA TLX

The NASA TLX score [28] was used to assess the level 
of workload after completing a robotic task. This subjec-
tive skill evaluation survey has six indices: Mental Demand 
(MD), Physical Demand (PD), Temporal Demand (TD), Per-
formance (P), Effort (E), and Frustration (F). Based on the 
definition of the NASA TLX scales, the score of PD reflects 
the workload of the motor component, the scores of TD, F, P, 
and E represent the overall cognitive workload, and the score 
of MD is assessed by the perceptual and cognitive demand. 
In this experiment, between each of the 2 tasks, the subjects 
were asked to self-assess their workload according to their 
status, and at the end of the rating, they were asked to rank 
the six indices according to the impact of workload. The 
score range of each evaluation index is 0–100 points, and the 
total score is calculated according to the weight distribution 
of the six evaluation dimensions according to the ranking of 
the subjects. The NASA TLX score is the average of the total 
score weighted by 9 weighted calculations.

dVSS score

The dVSS score is an objective scoring system in the dVSS 
simulator. After each task, the system will be rated directly 
according to performance, and its scoring dimensions vary 
according to the task. We select 5 scores for evaluation and 
analysis, including time, economy of exercise, instrument 
collisions, master workspace range, and overall score.

PSD

Power Spectral Density (PSD) [29] reflects the power dis-
tributions of different frequency components in EEGs and 
provides insight into brain activation. To accurately estimate 
the PSD, especially in the case of nonstationary EEG sig-
nals, we used Welch's method for Fourier transform [30], 
which helps to reduce the variance in the estimation process. 
The frequency range analyzed was 0–40 Hz: delta (0–4 Hz), 
theta (4–8 Hz), alpha (8–12 Hz), beta (12–30 Hz), and low-
gamma (30–40 Hz). PSDs were calculated for each channel 
and averaged for the whole brain.

Analysis of data

The performance data were selected from the dVSS simu-
lator scoring system and Z-Scores were calculated. Learn-
ing curves and box plots were plotted via GraphPad (Prism 
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version 9.1.0, GraphPad Software, La Jolla California USA). 
Parametric analyses were performed via SPSS (IBM SPSS 
Statistics for Macintosh, Version 25.0, Armonk, NY: IBM 
Corp) on the GEARS score, NASA TLX score, and dVSS 
simulator score data. MATLAB R2013b and the EEGLAB 
toolkit were used to preprocess the EEG data to eliminate 
artifacts and noise, and the Python-based MNE toolkit was 
used for PSD analysis and visualization. MANOVA was per-
formed to compare PSD between groups. All analyses were 
two-sided tests and had a significance level of 0.05.

Results

Demographic characteristics

In the VR-training group, 3 subjects voluntarily withdrew 
from the experiment for personal reasons. Among the 27 
subjects, 12 Residents and 15 Fellows, there were no signifi-
cant differences between the baseline characteristics of the 
control group and the VR-training group in terms of basic 

demographic characteristics, surgical experience, or dVSS 
experience (Table 1).

Learning curve assessment

Training effects were compared directly through learning 
curve analysis. The learning curve (Fig. 2) revealed sig-
nificant improvements in the performance of Fellows and 
Residents after training, with no significant differences 
in the total time (p = 0.675), the economy of the exercise 
(p = 0.649), or the overall score (p = 0.802). Particularly dur-
ing the first 4 training periods, the trainees' performance 
improvements were most noticeable in terms of total time, 
performance of the activity, and total score, after the 5th 
training, the learning curves reached the platform period, 
and the trainees' performance began to stabilize.

dVSS score assessment

In the analysis of the dVSS scores, there was no significant 
difference between the Residents and the Fellows in terms 

Table 1   Demographic 
characteristics of the 
participants

dVSS daVinci Surgical System

Participant characteristic Control (n = 15) VR-training (n = 12)

Demographics
 Median Age (range) (years) 35(25–53) 33(24–44)
 Dominant hand, n
  Left 0 0
  Right 15 12

 Three-dimensional vertigo, n
  Yes 0 0
  No 15 12

 Specialty
  Urology 0 4
  Cardiology 10 8
  General surgery 5 0

Surgical experience
 Formal endoscopic surgery, n
  Yes 9 9
  No 6 3

 Conventional surgery, n
  Yes 15 11
  No 0 1
  Median years of surgical working (range) (years) 10(1–31) 8(1–21)

dVSS experience
 Previous Robotic console Experience, n
  Yes 0 3
  No 15 9

 Previous simulator training for the dVSS, n
  Yes 0 0
  No 15 12
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of performance and scores on all tasks. In contrast, the 
VR-training group significantly outperformed the control 
group in terms of performance and scores for most tasks 
(Table 2). In particular, the VR-training group outper-
formed the control group in the composite performance 
of task 6 (p < 0.01).

PSD assessment

In distance difference visualization, different bands under the 
same task are normalized to highlight the brain regions that 
can reflect different operation levels under the same task. 
The red color indicates that the PSD of this brain region in 
the training group is higher than that in the control group, 
and the blue color indicates that the PSD of this brain region 
in the training group is lower than that in the control group. 
The darker color of the PSD difference of the brain region in 
the groups with different operation levels is greater. In tasks 
1, 2, 3, and 6, the Beta band is darker, and in tasks 1, 4, and 
5, the Low-gamma band is darker (Fig. 3). Most of the brain 
regions in the training group had greater PSDs than did those 
in the control group.

NASA TLX assessment

There was no significant difference in the NASA TLX scores 
for each task between the Residents and the fellows, but the 
Residents had a lower overall task load. Compared with the 
control group, the VR-training group had significantly lower 
Physical demand (3.82 ± 2.46 vs. 8.42 ± 6.04; p < 0.01) and 
NASA TLX overall score (40.04 ± 10.55 vs. 48.2 ± 9.88; 
p < 0.01) and significantly higher Performance (18.72 ± 8.09 
vs. 12.55 ± 5.62; p < 0.01) (Table 3). Therefore, the physical 
demand and overall workload of the VR-training group were 
lower than those of the control group, and the satisfaction 
with the performance of the task operation was higher than 
that of the control group.

GEARS assessment

The Residents and the Fellows had no significant differ-
ence in the overall score of the GEARS (21.08 ± 4.31 vs. 
22.74 ± 3.92; p = 0.31), whereas the VR-training group had 
a significant superiority over the control group in the total 
score of the GEARS (24.91 ± 3.36 vs. 19.68 ± 3.07; p < 0.01) 
(Fig. 4).

Discussion

The effectiveness of simulation training is increasingly rec-
ognized in surgical education [31]. Studies [32] have been 
conducted to validate the efficacy of dVSS training through 
animal experiments and surgery-based simulations. Never-
theless, there is a paucity of clarity and consistency in the 
literature regarding the quantifiable metrics and temporal 
parameters of dVSS training that precede the validation pro-
cess. Studies of VR simulator training in traditional surgery 
and laparoscopic surgery have even confirmed the effective-
ness of the transfer of training skills to clinical operations. 

Fig. 2   Trainees’ learning curves regarding total time (a), economy of 
exercise (b), and overall score (c). The Z-score calculation was used 
to compare scores between tasks of varying difficulty. The independ-
ent samples t-tests were used to calculate the difference in Z scores 
between Fellows (n = 6) and Residents (n = 6) in the first 10 attempts 
during training. a Total time(p = 0.675). b Economy of exercise 
(p = 0.649). c Overall score (p = 0.802)
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Clinical benefit extrapolation of training outcomes is one of 
the most important aspects of validating the effectiveness of 
training, whereas the impact of training on real surgical out-
comes is characterized by a certain degree of hysteresis [33].

Unlike conventional and laparoscopic surgery, the learn-
ing curve for robot-assisted surgery is steeper [34], and the 
increased incidence of adverse clinical outcomes at the 
beginning of the learning curve remains a concern. A grow-
ing number of studies have extensively validated various 
VR simulators [35]. Abinaya [36] demonstrated that training 
with a VR simulator that provides force feedback improves 
haptic realism and compensates for the limitations of meas-
uring tissue damage only through virtual collision-based 
visual feedback. Raison [32] demonstrated training with a 
RobotiX Mentor simulator to complete a simulation-based 
training program for robot-assisted radical prostatectomy 
and concluded that surgery-based VR training was more 

effective than VR simulation of basic skills. The learning 
and training of nontechnical skills, including decision-mak-
ing and judgment, has also emerged as an important part 
of robotic simulation training. Zhang [37] demonstrated a 
significant improvement in arthroscopy skills after Resi-
dents were trained in 3 arthroscopy skills on a simulator. 
The learning curves revealed that all 3 arthroscopy skills 
decreased significantly after 7 days of no training, and skill 
retention decreased with difficulty level. The higher the 
difficulty level of the skill is, the lower the skill retention 
rate. Specifically, comprehensive training and timely effec-
tive evaluation feedback are beneficial for shortening the 
learning curve [38]; however, the ideal training model and 
comprehensive evaluation methods are still in the explora-
tory stage of development [3]. In this study, we combined 
the mainstream VR simulator on the market and adopted 
the opinions of robot-assisted surgery experts to select 

Table 2    dVSS objective score 
evaluation of 6 tasks

Skill Task p

VR Training(n = 12) VS 
Control (n = 15)

Fellows(n = 15) VS 
Residents(n = 12)

Time/s Task1  < 0.01 0.39
Task2 0.11 0.05
Task3  < 0.01 0.58
Task4 0.04 0.19
Task5 0.02 0.50
Task6 0.01 0.51

Economy of exercise/cm Task1  < 0.01 0.89
Task2 0.11 0.25
Task3  < 0.01 0.89
Task4  < 0.01 0.30
Task5 0.02 0.84
Task6  < 0.01 0.83

Instrument collisions Task1 0.04 0.47
Task2 0.42 0.05
Task3 0.08 0.45
Task4 0.38 0.30
Task5 0.52 0.18
Task6  < 0.01 0.83

Master workspace range/cm Task1 0.05  < 0.01
Task2 0.52 0.33
Task3 0.07 0.44
Task4 0.95 0.23
Task5 0.65 0.96
Task6 0.22 0.07

Overall score Task1  < 0.01 0.54
Task2 0.19 0.13
Task3  < 0.01 0.87
Task4  < 0.01 0.37
Task5 0.42 0.33
Task6  < 0.01 0.39
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appropriate tasks to cover basic robotic surgical skills to 
form a list of training tasks. The experimental data were 
analyzed through learning curves to show the effective-
ness of VR training and then combined with subjective and 
objective evaluation methods for basic robotic surgical skill 
assessment to provide a more accurate assessment of dVSS 
training effectiveness.

The learning curves visualize the process of achieving 
proficiency in VR training [39], and in this study, all the 
subjects, regardless of years of surgical experience, achieved 
proficiency in 10 attempts. The learning curves were steep in 
the first 4 attempts, which belonged to the stage of acquiring 
new surgical knowledge, and this stage was prone to errors 
due to unfamiliarity with the operation, thus resulting in 
lower scores. We found that from the 5th attempt onward, the 
learning curve showed a stabilizing trend in 3 metrics and 
entered the process of repeating and deepening the learning 

process of surgical knowledge, which led to a stable state of 
proficiency. In our experiments, the learning curves revealed 
that 5 repetitions were the average number required for train-
ees to reach proficiency, and each repetition subsequently 
increased the level of proficiency.

The GEARS score is a validated scoring system for the 
assessment of robot-assisted surgery, focusing on general 
performance during surgical robot manipulation, independ-
ent of the specialized proficiency in surgical manipulation 
required for a particular procedure. In most studies [40], 
scoring was performed by experienced robot-assisted sur-
gery surgeons to avoid bias in scoring, given that the scor-
ing was subjective in six dimensions on the basis of video 
recordings of the operation. Therefore, 10 postgraduate 
students were selected to rate the videos of the trials in a 
blinded manner. We found that surgeons with more expe-
rience had higher GEARS scores, but the difference was 

Fig. 3   Brain topography of channel differences under different Band-
Duty between VR-training group versus control group. The PSD 
values of the EEG were calculated by Continuous Time Fourier 

Transform and the results were assigned positive or negative by the 
difference in the means of the two groups and mapped back to the 
brain topography
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not significant. Therefore, basic robotic surgical skills 
differ from conventional skills, and increased experience 
in general surgical operations may not have a significant 
correlation with the learning basic robotic surgical skills. 
Although expertise and performance frequently have been 
used interchangeably, they do not convey the same meaning 
in the field of robot-assisted surgery. Even the performance 
of expert surgeons may be poor in certain surgical situations, 
i.e., cases with intra-operative challenges. In contrast, the 
VR-training group achieved a significant improvement in the 
GEARS score compared with the control group, demonstrat-
ing the effectiveness of training.

Using the NASA TLX score to evaluate the task load of 
the subjects [17], in this experiment, the VR-training group 
had a significantly lower task load in terms of physical 
demands, performance satisfaction, and total score, and a 
lower task load in terms of mental demands, frustration, and 
effort and was more satisfied with their performance than the 
control group. In contrast, experienced surgeons had lower 
physical demands, mental demands, frustration, effort, and 
total scores and were more satisfied with their performance. 
Whether there is a relationship between task load and skill 
acquisition in the early stages of learning new surgical skills 
has been controversial [28], and it may also be possible that 
experienced surgeons have a lower task load in all areas [41].

In the EEG evaluation, the Beta band and the Low-
gamma band energy activation was higher in the training 

group than in the control group. One study [42] showed that 
the Beta band correlates with cognitive load, which reflects 
the activation of brain regions required for higher-order 
cognitive and motor processes. The brain works harder to 
maintain control and focus and concentrates more on pro-
cessing complex information and executing precise move-
ments [43, 44]. The EEG analysis also echoed the results of 
the subjective task load score of the NASA TLX score, i.e., 
in VR simulator operations, the mental workload decreases 
as proficiency increases [45], and the training group was 
able to perform the VR task effectively with a lower cogni-
tive load [46]. The low-gamma band is related to cognitive 
functions, including attention, memory, and information pro-
cessing. The PSD of the Low-gamma band was higher in 
the training group than in the control group, which could be 
attributed to the increased synchronization and engagement 
of neural circuits involved in the motor task. This finding 
suggests that the enhancement of PSD in the low-gamma 
band of the trained operators may be due to more efficient 
neural circuits in the motor region as a result of repeated 
practice. In addition, the dynamic response of low-gamma 
band power to complex stimuli [47], especially in visual and 
motor tasks, highlights the role of low-gamma oscillations in 
integrating sensory information and motor planning, further 
explaining the differences between the training and control 
groups. Kabbara [48] reported that specialists in a particular 
skill show more efficient neural processing, characterized by 

Table 3   National Aeronautics and Space Administration Task Load Index assessment

NASA TLX National Aeronautics and Space Administration Task Load Index

Residents VS Fellows group

Load type Residents group, n = 12
Mean (SD) NASA TLX score

Fellows group, n = 15
Mean (SD) NASA TLX score

p

Mental demand 6.89(6.14) 6.12(4.45) 0.71
Physical demand 5.57(4.40) 5.02(5.40) 0.78
Temporal demand 6.13(4.42) 4.31(3.47) 0.24
Performance 13.30(8.13) 15.29(6.12) 0.48
Effort 7.98(5.36) 6.17(3.92) 0.32
Frustration 6.34(6.49) 3.39(3.74) 0.15
Overall score 46.15(9.95) 40.31(10.18) 0.15

VR-training VS control group

Load type VR group, n = 12
Mean (SD) NASA TLX score

Control group, n = 15
Mean (SD) NASA TLX score

p

Mental demand 4.63(2.84) 7.93(6.10) 0.14
Physical demand 3.82(2.46) 8.42(6.04)  < 0.01
Temporal demand 4.62(3.90) 5.52(4.07) 0.57
Performance 18.72(8.10) 12.55(5.62)  < 0.01
Effort 6.64(6.02) 7.24(3.28) 0.75
Frustration 3.60(4.22) 5.59(5.94) 0.34
Overall score 40.04(10.55) 48.20(9.88)  < 0.01
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less localized activity but more integrated brain activity. It 
means that the training group achieved a balance between 
local specialization and global integration, thus facilitating 
complex problem-solving and decision-making. This pro-
vides a guiding direction for future training in the field of 
robot-assisted surgery, targeting effective training to enable 
surgeons to have better performance under moderate cogni-
tive load conditions.

There are also several limitations in this study. First, the 
dVSS simulator score may not be a valid system for assess-
ing the performance of the subjects, which is scored accord-
ing to each task and assesses the skills without involving the 
specific surgical procedures, which fails to simulate the real 
surgical environment more realistically for operation, so the 
objective score may not be a true response to the acquisition 
of robotic surgical skills. Second, the NASA TLX score and 
the GEARS score are subjective scoring methods, which 
are the subjective self-evaluation and the subjective evalua-
tion of others, respectively, so the scores used may not fully 
represent the subjects' task load and the degree of mastery 
of basic robotic surgical skills. Nonetheless, we provide a 
multi-perspective evaluation of robotic surgical skill acquisi-
tion, and the conclusion of the effectiveness of simulation 

training in basic robotic surgical skills drawn from the com-
bination of the three scores is more reliable than that of 
a single score. In addition, more in-depth objective EEG 
analyses provide mental-level evidence for evaluating the 
effectiveness of operational training.

Conclusion

This multi-perspective evaluation analysis proved that 
dVSS simulator training could significantly improve the 
acquisition of basic robotic surgical skills and that the 
trainees were able to achieve higher performance under 
a lower workload. In particular, the way of evaluat-
ing nontechnical skills such as cognitive load and brain 
work by combining EEG analysis further scientifically 
explains the differences in the activation and connectivity 
of brain regions in different populations when operating 
the surgical robot in the master–slave mode, and reveals 
the connection between physiological signals and non-
technical skills. In this study, non-technical skills such as 
EEG and cognitive load were evaluated. This result pro-
vides a guiding direction for future training in the field of 

Fig. 4   Comparison of GEARS 
scores in groups. a GEARS 
score between Residents and 
Fellows groups (21.08 ± 4.31 
vs. 22.74 ± 3.92; p = 0.305). b 
GEARS score between VR-
training and control groups 
(24.91 ± 3.36 vs. 19.68 ± 3.07; 
p < 0.01)
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robot-assisted surgery and enables surgeons to make bet-
ter robotic surgery operation performance under a certain 
pressure load through targeted and standardized training. 
Future research could explore the factors that may influ-
ence the performance of basic robotic surgical skills in 
more realistic simulation environments [49], and explore 
more comprehensive and rational ways to evaluate mastery 
of the skill [50, 51].
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