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Abstract— Robot-Assisted Surgery (RAS) represents a major
frontier in the robotics community, blending precision automa-
tion with human skill in high-stakes clinical environments.
Evaluating surgeon performance in RAS is critical for training
and certification, yet current methods rely heavily on video
analysis or subjective manual scoring. This study presents
a neuro-robotic interaction framework that uses Electroen-
cephalography (EEG)-derived brain connectivity features to
classify surgeons’ skill levels during RAS tasks. The high dimen-
sionality of EEG data imposes substantial computational cost.
Therefore, we first apply Harris Hawks Optimization (HHO) to
select an optimal EEG-channel subset, reducing computational
cost. Then, functional connectivity feature metrics are extracted
from the reduced EEG channel set and used to construct brain
graphs, which serve as input to a Self-Supervised Graph Trans-
former (SSGT). The SSGT model is pre-trained via masked
edge reconstruction to capture structural dependencies and fine-
tuned for downstream skill-level classification. The proposed
SSGT model achieves a classification accuracy of 96.60%,
significantly outperforming both traditional machine learning
and deep learning baselines. The label-efficient, structurally
aware design of SSGT enables scalable and real-time assessment
of surgical proficiency. This framework provides a foundation
for intelligent robotic tutoring systems and generalizes to
broader cognitive monitoring tasks in high-stakes human-robot
interaction domains using EEG.

I. INTRODUCTION

Electroencephalography (EEG) is widely wused in
surgery [8], cognitive workload level estimation [9]-[11],
attention monitoring [12], and learning effects [13] that
are crucial in a human-robot interaction setting [14]. In
performance—monitoring problems, EEG features have been
shown to discriminate expertise levels and task proficiency
with competitive accuracy. A robotics transformer trained
on large, task-agnostic datasets can transfer knowledge
to new robot tasks with minimal data, enabling robots
to respond more effectively to human goals during
human-robot interaction (HRI) [15]. A deep transformer
model serves as a conditional intent predictor, attending
jointly to human and robot action sequences to capture their
interdependence [16]. Choi et al. [17] demonstrated intuitive
robotic control during EEG-based motor intentions—such
as movement onset or motor imagery tasks, emphasizing
its potential to enhance intention-driven HRI. In study [18],
the author developed a novel EEG-based vision transformer
model enhanced with a 3D spatial representation of EEG
electrode topologies, enabling reliable recognition of human
trust levels during interactive gameplay with robots. HRI

*Corresponding author, Email: ddaschakladar@gmail.com
All the authors are with the Machine Learning Group at Lulea University
of Technology, 97187 Lulea, Sweden

979-8-3315-8160-2/26/$31.00 ©2026 IEEE

in Robot-Assisted Surgery (RAS) has been shown to
benefit from real-time monitoring of surgeons’ cognitive
states via EEG, enabling adaptive systems to modulate
robot behavior when operator workload increases, thus
improving safety and performance [19]. However, surgical
skill assessment in RAS with a large number of EEG
channels (i.e, 128 or 256) makes the model computationally
expensive, which causes problems while integrating it
with surgical robot systems [2]. Therefore, selection of a
task-specific reduced, significant EEG channel set is needed
for better performance [20]. Metaheuristic algorithms such
as Grey Wolf Optimizer [21], Whale Optimization [22]
are widely used for eliminating non-significant channels
and finding optimum feature space for EEG-based
classification. After removing redundant channels, brain-
connectivity features—correlation, coherence [23], and
transfer entropy [24]—are extracted from the remaining
non-redundant channels to characterize task-related brain
dynamics.

A strong connection has been found between surgical skill
assessment and EEG-based brain networks, which reveals
the neural signature of skill level estimation during robotic
surgery [25]. Shafiei et al. [7] predicted the skill levels
(inexperienced, competent, and experienced) of surgeons
while performing different RAS subtasks (blunt, coldsharp,
and thermal dissection) by fusing EEG and eye-tracking data.
They have achieved the highest accuracy of 88.56% with the
Random Forest (RF) model. Lee et al. [3] developed a con-
volutional neural network (CNN)-based method that tracks
surgical instruments to evaluate surgeons’ skills (novice,
intermediate, and expert) during robotic operations. A CNN-
based method has been developed to assess surgical skill
from raw motion-kinematics in robotic surgery [5]. Wang
et al. [1] examine the task of urethrovesical anastomosis in
robotic-assisted radical prostatectomy using synthetic tissue,
where the GEARS (Global Evaluative Assessment of Robotic
Skills) score is predicted from video clips. Their method
tracks key points of surgical instruments over time and trains
a multi-task U-Net neural network to enable robotic-training
evaluation by automating skill assessment. Summary of the
RAS skill classification studies is mentioned in Table I. Zhou
et al. [26] combined EEG and heart rate to detect changes in
mental workload during RAS, reaching 83.20% accuracy and
underscoring the value of EEG for cognitive state monitor-
ing. Shafiei et al. [27] compute mental workload levels across
multiple RAS-related tasks—matchboard, ring walk, and
suturing—using synchronized EEG and eye-tracking data.
They achieved a strong prediction result (R? ~ 0.81-0.83)
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Fig. 1: (a) Self-Supervised Graph Transformer (SSGT) framework for classifying surgeons’ skill levels (novice, intermediate,
expert) during Robot-Assisted Surgery (RAS) tasks. The encoder of the graph transformer includes edge-biased graph
encoder. (b) RAS task paradigm. The EEG signal recorded from an EEG cap served as input to the proposed model. The

surgeons are denoted S1, S2, and S3 and are grouped by their

RAS experience. (c) Block diagram of the edge-biased graph

encoder. The loop denotes four repeated blocks. The encoder output (Z) feeds the dense classification head in (a). Note:
MSA = multi-head self-attention, SSL = self-supervised learning, MLP = multilayer perceptron.

TABLE I: Summary of RAS skill level classification studies.

Note: Logistic Regression (LR), k-nearest neighbours (kNN),

Support vector machine (SVM), Convolutional Neural Network (CNN), Random Forest (RF)

Study Participants | Data Classes Classification Model Accuracy (%)
Wang Y.et al. [1] 18 Video (RAS simulator) Skill level: novice / intermediate / expert U-Net-style encoder—decoder 83.30
Shafiei et al. [2] 11 EEG + Eye-gaze (RAS simulator) | Skill level: novice / intermediate / expert Gradient boosting 93.00

Lee et al. [3] 12 Video recordings Skill level: novice / intermediate / expert CNN 83.00
Soangra et al. [4] 26 Kinematic & EMG (Lap. & RAS) | Skill level: novice / intermediate / expert RF 58.00
Wang et al. [5] 8 Video & kinematic (simulator) Skill level: novice / intermediate / expert CNN 95.40

Fard er al. [6] 8 Movement trajectory data Skill level: novice / expert SVM/LR/k-NN Max: 89.90 (LR)
Shafiei et al. [7] 11 EEG & Eye-tracking Skill level: inexperienced/competent/experienced RF 88.56

using an XGBoost regressor.

Despite this progress, several research gaps exist. Most of
the existing RAS studies [2], [7] used skill-level assessment
with a large set of EEG channels, leading to a computation-
ally expensive model. Therefore, EEG channel reduction has
remained largely unexplored in RAS applications. Moreover,
existing classification pipelines typically rely on computa-
tionally expensive wrapper-based Harris Hawks Optimization
(HHO) feature selectors [28] and fully supervised, traditional
machine learning (ML) or deep learning (DL) models [2],
[31, [7]. In contrast, our HHO-based feature selection utilizes

an efficient, unsupervised filter mechanism—maximizing the
Shannon entropy of raw EEG amplitude histograms without
iterative classifier training. This optimized feature set is then
processed by a robust DL model featuring self-supervised
pretraining to exploit the structure of EEG connectomes
effectively.

In this work, we propose the Self-Supervised Graph Trans-
former (SSGT)-based method that combines self-supervised
learning (SSL) and a graph transformer to estimate the skill
levels (novice, intermediate, and expert) of surgeons during
RAS tasks. Initially, to reduce redundancy and improve
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deployability in the surgical robot system, we select the
optimum set of EEG channels using an HHO-based feature
selector from the input EEG channels. Then, we build the
connectivity features from the optimum channel set and
prepare the adjacency graph from those features. Finally, we
employ an SSL block to mask and reconstruct the original
adjacency matrix of the EEG graph, and then feed the
resulting embeddings into a graph transformer classifier that
learns both spatial and temporal dependencies for skill level
prediction. The framework of the proposed SSGT model is
shown in Fig. 1. The contributions of our work are as follows:

1) We proposed a robust DL-based transformer model-
SSGT for efficient classification of surgeons’ skill
levels during different RAS tasks. To the best of our
knowledge, this is the first label-efficient EEG-based
RAS method that exploits graph structure, comple-
menting earlier fully supervised work.

2) HHO-based channel selection method is developed to
find the most significant, non-redundant EEG channels.
The reduced set of channels is used for downstream
classification, reducing the computational cost of the
classification model and supporting real-time HRI
feedback.

3) The proposed model outperforms all ML/ DL baseline
classifiers in surgical skill assessment in the RAS
application.

II. METHODOLOGY
A. Dataset & Preprocessing

In this work, we have used a public RAS dataset [29]. The
dataset includes twenty-five participants (age 20-67 years)
with diverse RAS experience. Twelve participants had no
RAS experience; four had less than 100 hours, four had ~500
hours, and five had more than 1000 hours of RAS experience.
Sampling frequency of the EEG recording was 500 Hz. Each
participant completed 27 simulator tasks on the da Vinci
system while wearing a 128-channel AntNeuro EEG cap and
Tobii eye-tracking glasses. However, in this experiment, we
used only the EEG data from the 13 participants with RAS
experience. Out of 27 tasks, we used five most significant
RAS tasks, such as: Pick and place (task Id-1), Peg board 1
(task Id- 2), Camera targeting 1 (task Id-9), Needle targeting
(task 1d-15), and Energy switching 1 (task Id-23) [30]-[33].
These tasks span the principal RAS skill domains, which
provide complementary, task-resolved evidence of surgical
proficiency [30].

Since the dataset lacks a mapping between subjects and
their skill levels, we derive the labels directly from the
performance scores. For each subject, we compute the mean
performance score across the selected tasks and discretize
this continuous value into three skill categories: Novice if the
mean score < 75, Intermediate if 75 < mean score < 90,
and Expert if the mean score > 90. In RAS, small errors
can have serious clinical consequences, so a mean score
below 75 is considered clearly below the minimum safe
competency level and labeled as Novice. Only operators

with mean scores above 90, reflecting consistently safe,
accurate, and efficient performance in demanding RAS tasks,
are labeled as Experts, and between Novice and Experts
are marked as Intermediate [34]. The raw EEG signals are
preprocessed using a band pass filter (frequency range: 1-40
Hz) followed by Independent Component Analysis to remove
artifacts from the raw EEG signals.

B. Channel Selection and Feature Extraction

To eliminate the curse of dimensionality issue, we com-
pute the channel selection process, which selects the opti-
mum channel set from the preprocessed EEG (128 channels)
for the experiment. Here, we use HHO [35] algorithm for
finding optimal EEG channels.

Let X € RE*T denote the preprocessed EEG (channels
x time). We seek a subset S C {1,...,C} of fixed size
|S| = k that maximizes the average information content of
the selected channels. For a EEG channel ¢, we estimate
Shannon entropy—H (z.) from a normalized histogram with
B number of histogram bins

B
H(ze) = =Y py” log(py” +¢), (1)
b=1

with a small £ > 0 for numerical stability and p; is the
normalized histogram bin probability. The objective is

silsler & GSH(%) = S:r%i‘rik 19,
1 2
where f(S) = % ;SH(:EC).

The fitness f(.S) is computed for a subset of channels
S. For each channel ¢ € S, we estimate its H(x.) from a
histogram of its amplitudes; Higher-entropy channel sub-
sets (more informative/less redundant) receive lower fitness
values and are preferred by HHO. Each candidate (subset
S) is scored by f(S). After T' iterations, HHO returns the
selected set S* of k channels, which maximizes the mean
entropy of the chosen EEG channels.

After selecting k optimum channels, we extract correlation
and coherence features from the selected channels’ EEG
data. The Pearson correlation coefficient measures the linear
relationship between signals from two EEG channels. This
coefficient ranges from -1 to 1. It is commonly used to
summarize co-fluctuations across EEG channels. We used
another feature: coherence, which discusses how consistently
two signals co-vary at a given frequency across time. High
coherence indicates stable, frequency-specific synchroniza-
tion of amplitude and/or phase, whereas low coherence
indicates weak or inconsistent coupling.

C. Graph Creation

We construct a graph G = (N, E) from each EEG-based
connectivity matrix, where each node n; € N represents an
EEG channel, and the edge e;; € E denotes the functional
connectivity (correlation or coherence) between channel i
and j. Given an EEG signal segment, its corresponding
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adjacency matrix A € RN*N s computed from either

correlation or coherence features. To construct node features,
we aggregate three components: (1) the connectivity vector
of each node (row of A), (2) the normalized node degree d; =
> y A;j, and (3) the spectral positional embeddings V €
RN *F obtained by computing the & smallest eigenvectors of
the normalized Laplacian L = I — D~Y/2AD~1/2 where I
and D denote the identity and degree matrices, respectively.
The final node feature matrix becomes:

X' = [A, d, S] e RNX(N+1+k) (3)

where d is a column vector of normalized degrees and S
captures the spectral structure of the graph.

D. Classification using Self-Supervised Graph Transformer

In this section, we discuss the skill level classification
using the SSGT model. While transformers typically consist
of both an encoder and decoder, in our architecture, the
decoder is employed only during self-supervised pre-training
and is not part of the supervised classification pipeline. Thus,
once pre-training concludes, the decoder is discarded. The
detailed discussion is mentioned in subsequent subsections.

1) Self-Supervised Graph Transformer: The proposed
SSGT model combines two modules: Self-Supervised Learn-
ing (SSL)-based pretraining and Graph Transformer.
SSL-based pretraining: SSL trains models on unlabeled
data by creating supervision from the data itself via pretext
tasks (e.g., masking-reconstruction or agreement between
augmented views) [36]. By learning domain structure without
manual labels, SSL produces rich features that, when fine-
tuned with a small labeled set, markedly improve classifica-
tion by boosting robustness and generalization. To enhance
representations on graphs, we adopt masked edge recon-
struction. During pre-training (100 epochs), random edges
in the adjacency matrix A are masked with a symmetric
binary mask M, producing a masked/corrupted graph A’ =
A®(1—M), where, ® denotes the element-wise (Hadamard)
product. Node tokens are then built from the masked graph
using the following formula:

X =[A" | dA) || (4], C)

where d(A’) = >, Aj; is the (normalized) degree and
S(A") are spectral positional embeddings applied on A’.
Here, || denotes the concatenation operator. Thus, the spectral
positional embeddings are tied to the masked structure (no
leakage of the hidden edges) while providing topology-aware
coordinates that aid reconstruction. The encoder is trained
to reconstruct the original A from X and A’, and the pre-
training loss is binary cross-entropy (BCE) on the masked
edges (¢, 7) only:

Lssu= Y BCE(Ay,Ay), M={(ij): My =1}
(i,5)EM

4)

Graph Transformer: As depicted in Fig.1, the encoder

consumes only the outputs of the SSL block: the node
tokens X € RV*¥ and the corresponding adjacency matrix

A € RYXN where N and F are the number of nodes
and feature dimension per node (obtained from SSL block).
Tokens are first linearly projected to the model width d
and augmented with a learnable positional embedding for
each node. The encoder then applies 4 stacked transformer
blocks with 4 heads. In each block, we use a pre-normalized,
edge-biased multi-head self-attention (MSA) followed by a
Multilayer perceptron (MLP) with hidden dimension 2d =
256. Throughout these blocks, residual connections and
layer normalization are applied. For each attention head, we
compute the edge-biased attention scores:
QK"
vy
Where, @, K,V are the query, key, and value projections of
the input node features, dy, is the head dimension, and S A is
the additive edge bias derived from the adjacency matrix.
Q, K,V are computed as follows: Q=XWg, K=XWk,
V=XWy. [ is a learnable (or fixed) scale and W is the
learned weight matrices for the linear projections. This edge-
biased attention formulation ensures the attention mech-
anism prioritizes connected nodes in the graph structure.
Stacking the blocks yields node embeddings Z € RN*9,
which are passed to the final classification layer.

2) Classification using SSGT: The node embeddings Z €
RN >4 capture global graph structure and serve as a robust
backbone for the downstream classification model. These
embeddings are aggregated via global average pooling:

1N
:—E Z.
z Ni:1l @)

The pooled feature vector (z) is then passed through the
final dense classification layer to predict the surgeon’s skill
level (novice, intermediate, expert).

MSA cgge (X, A) = softmax< T BA) V(6

III. RESULTS
A. Brain activation analysis of RAS tasks

In this section, we discussed the channel selection process
using the HHO method. The optimization method selects
specific channels for each skill level. The RAS task-wise
brain activation maps (refer to Fig. 2) were derived by
computing optimum channel-wise band power (1-40 Hz)
and standardizing the values across channels within each
task (z-score), so colors reflect relative activation of EEG
channel over reference EEG channel rather than absolute
power (1V?). Relative power normalizes global amplitude
differences, improving cross-channel/subject comparability
and sensitivity to task effects over absolute power [37].
Across the three performance levels, a consistent pattern
emerges: the expert cohort exhibits a broadly distributed set
of highly activated channels spanning frontal brain regions
(EEG channels: AF3, AFz, Fpl refer to Fig. 2(c)). The
intermediate cohort engages a smaller subset with moderate
amplitudes in the EEG channels such as AFp4h, CCP5h,
FTT7h (Fig. 2(b)), whereas the novice group concentrates
activation in only a handful of frontal channels (Fpz/Fp1/Fp2
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Fig. 2: RAS task-wise EEG channel activation plot for surgeons with different skill levels, namely (a) Novice, (b) Intermediate,

and (C) Expert.

etc.) (Fig. 2(a)). More specifically, in the novice group, the
EEG channel Fpz shows high activation across all tasks. In
the intermediate group, CCP5h is dominant for tasks 1, 2,
and 9, with AFp4h and FTT7h peaking at tasks 15 and 23,
respectively. In the expert group, AF3 shows high activation
for tasks 1, 2, and 9, whereas AFz and Fpl show localized
peaks at tasks 15 and 23.

B. Performance Analysis

This section is divided into two subsections: Output anal-
ysis and RAS task-wise analysis.

1) Output Analysis: Here, we report the performance
analysis of the proposed SSGT model for classifying sur-
geons’ performance levels. The input data is divided into an
80:20 ratio for the training and testing sets; furthermore, 10%
of the training data is used for the validation set. The model
is trained for 100 epochs with a batch size of 64 using the
Adam optimizer (learning rate = 5 x 10~%). The loss curve
in Fig. 3(a) show that the training loss decreases steadily
and the validation loss closely tracks it, indicating stable
learning and minimal overfitting. The model is implemented
in TensorFlow and trained on NVIDIA A100 GPUs with 40
GB VRAM.

A confusion matrix summarizes a classifier’s performance
by counting predictions versus true labels for each class
(here, novice, intermediate, and expert). Recall/True predic-
tion rate refers to the fraction of correct predictions within
each true class. The confusion matrix (Fig. 3(b)) indicates
strong class-wise recall across all three skill levels: novice
= 93.3%, intermediate = 98.5%, and expert = 95.8%. The
intermediate class is the most separable, exhibiting negligible
confusion with the other classes (only 1.5% misassigned to
novice and 0.0% to expert). Overall, the model is highly
accurate. It clearly separates the intermediate class, and little
confusion occurs only between novice and expert; adding
richer features (e.g., finer spectral or connectivity measures)
could reduce these edge-case errors. The overall complexity
of the proposed pipeline: O(PIKT + k*T + L(k*d + kd*))
where P and [ are the HHO population size and iterations,

k the number of selected channels, 7' the number of time
samples, L the number of transformer layers, and d the
hidden dimension. For all C' = 128 channels (C' > k),
the corresponding cost: O(C?T + L(C?d + Cd?)) Thus,
our HHO-based optimization method reduces the dominant
connectivity and graph-learning cost by roughly a factor of
(k/C)2.

2) RAS task-wise Analysis: The task-wise classification
result of the SSGT classifier is shown in Fig. 4. Here, we
passed task-wise EEG data of all surgeons for each skill
level to the SSGT model and computed the result. A similar
process is repeated for other skill levels’ data. Across the
five RAS tasks (IDs 1, 2, 9, 15, 23), accuracy increases
systematically with performance level—novice ~ 60-75%,
intermediate ~67-87%, and expert ~ 80-94%. For all skill
levels, the maximum accuracy is obtained for Task ID-23.
This monotonic ordering indicates that the model captures
stable, task-locked neurophysiological signatures that scale
with surgical proficiency. This task-level reliability enables
objective skill auditing in RAS: instructors can pinpoint weak
subtasks for novices/intermediates, while high performers
show stable, generalizable patterns suitable for competency
checks and adaptive feedback [38].

C. Statistical Analysis

In this section, we evaluate differences among three
skill levels (novice, intermediate, and expert) using the
Kruskal-Wallis test. For each skill level, we compute the
task-wise classification accuracy for each participant using
Leave-One-Subject-Out (LOSO) cross-validation (i.e., for
each fold, one participant is used in the test set and the re-
maining subjects are used in the training set). Kruskal-Wallis
test (p < 0.05) detected a significant difference among the
three skill levels—novice, intermediate, and expert: H(2) =
6.33, p = 0.042, with a large effect size €2 = 0.62. In this
test, task-averaged classification accuracy per subject is used
as a dependent variable, whereas skill level with three groups
is represented as an independent variable.
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D. Comparison analysis with other classification models

To generalize our model performance, we compare the
performance of the proposed model (SSGT) with classical
ML and DL models. The result is shown in Table II. For
ML models (SVM, RF, XGBoosting), we use hand-crafted
EEG connectivity features as inputs and train the classi-
fiers, yielding accuracies in the 80.34-86.14% range. For
DL models (ViT, SwinT, Graphormer), we adopt the same
training protocol described in the output analysis but add
self-supervised pretraining on unlabeled trials, followed by
a transformer encoder for supervised fine-tuning, achieving
higher accuracies of 89.23-93.43%. The proposed SSGT
model attains 96.60 + 1.23% accuracy—an improvement of
3.17% over the best DL baseline (Graphormer) and 10.46 %
over the best ML baseline (XGBoosting). As all models
are trained under the same hyperparameters and evaluation
settings, these gains highlight that the proposed SSGT model
extracts task-relevant representations from limited labels,
thereby outperforming the ML and DL baselines.

IV. CONCLUSIONS

We propose the SSGT, which leverages masked-edge
reconstruction and edge-biased attention to learn rich and
structurally aware representations from EEG-derived con-
nectivity graphs. In the RAS setting—where objective and

TABLE II: Comparison analysis with ML/DL models. All
results are marked with mean + standard deviation. Note:
Vision Transformer — ViT, Swin Transformer — SwinT,
Support Vector Machine — SVM, Random Forest — RF,
eXtreme Gradient Boosting — XGBoosting

Model categories | Model Accuracy (%) | Precision (%) Recall (%)

ML SVM 85.34 £4.12 85.03 +4.03 85.12 £+ 3.44
RF 80.34 £ 3.34 81.12 + 3.22 80.23 +£4.14
XGBoosting 86.14 + 2.26 86.03 + 3.11 86.11 + 2.34

DL ViT 89.23+1.14 89.11 +£2.23 88.77 £ 4.45
SwinT 91.11 +2.01 91.22 +6.45 90.77 £ 5.02
Graphormer 93.43 +4.03 93.03 +4.40 92.19 £ 2.02
SSGT (Proposed) 96.60 + 1.23 97.23 +2.34 95.11 +4.32

real-time feedback is crucial for improving surgical skill
and patient outcomes—SSGT achieves a remarkable 96.60 %
accuracy, significantly outperforming existing EEG-based
ML/DL models in classifying surgeon skill levels during
RAS tasks. This demonstrates the model’s strong potential to
enhance surgical training and assessment, aligning with the
growing demand within the RAS community for automated,
high-fidelity skill evaluation tools that can complement
traditional expert review. The limitation of the study lies
in computational constraints, which led us to restrict data
analysis to only five of the 27 available tasks and to rely
solely on EEG data from this subset.

Future efforts will focus on (i) evaluating model perfor-
mance on additional RAS tasks to assess the robustness of
the model; (ii) performing an ablation study of SSGT with
and without the SSL backbone; and (iii) developing a mul-
timodal fusion framework that integrates EEG with other
data sources—such as eye-gaze, kinematics, or video—to
further refine real-time, automated skill evaluation in RAS.
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