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Abstract: Chronic pain leads to not only physical discomfort but also psychological challenges, such
as depression and anxiety, which contribute to a substantial healthcare burden. Still, pain detection
and assessment remains a challenge due to its subjective nature. Indeed, current clinical methods
may be inaccurate or unfeasible for non-verbal patients. Then, Electroencephalography (EEG) has
emerged as a promising non-invasive tool for pain detection. However, EEG-based pain detection
faces challenges such as noise, volume conduction effects, and high inter-subject variability. Deep
Learning (DL) models have shown potential in overcoming these challenges by extracting nonlinear
and discriminative patterns. Despite advancements, these models often require a subject-dependent
approach and lack of interpretability. To address these limitations, we propose a threefold DL-based
framework for coding EEG-based pain detection patterns. i) We employ the Kernel Cross-Spectral
Gaussian Functional Connectivity Network (KCS-FCnet) to code pairwise channel dependencies
for pain detection. ii) Furthermore, we introduce a frequency-based strategy for class activation
mapping to visualize pertinent pain EEG features, thereby enhancing visual interpretability through
spatio-frequency patterns. iii) Further, to account for subject variability, we conduct cross-subject
analysis and grouping, clustering individuals based on similar pain detection performance, functional
connectivity patterns, sex, and age. We evaluate our model using the Brain Mediators of Pain dataset
and demonstrate its robustness through subject-dependent and cross-subject generalization tasks for
pain detection on non-verbal patients.

Keywords: pain detection; EEG; neural networks; kernel methods; interpretability; cross-subject
analysis

1. Introduction
Pain is an important global health issue; according to the Global Burden of Disease Study, this

condition affects approximately 20% of the worldwide population, with low back pain, neck pain, and
migraines being the most common causes [1]. Chronic pain not only leads to physical suffering but also
contributes to psychological issues like depression and anxiety [2]. Uncontrolled pain has also been
linked to increased healthcare utilization, including hospitalizations, emergency department visits,
and greater financial burden [3]. Nevertheless, pain is not merely a physical sensation; it also involves
emotional and psychological components, making it a complex and multidimensional experience [4].
In particular, chronic pain is an experience that persists beyond the healing period, often without a
clear cause. Such prolonged issues can alter how the brain processes information, leading to magnified
sensitivity. Hence, it requires comprehensive detection and treatment approaches that address both
the physical and psychological aspects [5].

Pain detection and assessment are crucial for effective management, allowing healthcare profes-
sionals to understand intensity, nature, and impact [6]. Yet, pain is subjective; thus, self-reporting is
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often the most reliable method of assessment by means of tools such as the Numeric Rating Scale (NRS)
and Visual Analog Scale (VAS) [7]. Nevertheless, in cases where self-reporting is challenging—such as
with young children, older adults with cognitive impairments, or non-verbal patients—observational
scales and physiological approaches are not suitable [6]. Significant progress has been made in pain
assessment, particularly in patients unable to communicate. However, current clinical methods still
predominantly depend on subjective evaluations [7]. These tools are susceptible to external factors
such as mood and lack of physiological bases, limiting their accuracy [8].

In contrast, electrical, pressure, and thermal stimulators have been created, as well as PainMatcher,
to get a more accurate picture of pain. Nevertheless, these methods are invasive as they require the
application of painful stimuli to record responses [9]. Since pain perception is deeply influenced by
brain activity, as well as psychological factors such as expectations and emotions that shape conscious
pain experience, neuroimaging techniques have been extensively studied for brain activity-based pain
detection [10]. These techniques are broadly classified into invasive and non-invasive methods. Inva-
sive methods, like Electrocorticography (ECoG) and intracranial Electroencephalography (iEEG), offer
high spatial and temporal resolution but involve surgical risks. Magnetic Resonance Imaging (fMRI),
Magnetoencephalography (MEG), Near-Infrared Spectroscopy (NIRS), and Electroencephalography
(EEG) are some of the non-invasive techniques that are more commonly used because they are safe,
cost-effective, and simple to use [11]. EEG, in particular, has gained popularity for studying brain con-
nectivity and identifying dysfunctional areas [12]. Its ability to capture specific brain activity patterns
makes it a valuable tool for understanding pain and enhancing applications in neurorehabilitation,
including motor imagery and brain-computer interface (BCI) systems [13,14].

Still, EEG-based pain detection is significantly hindered by inherent challenges, such as high noise
levels and volume conduction issues [15]. The inherent noise in scalp-recorded signals significantly
obscures the underlying neural activity. Also, EEG signals are less accurate when they are affected
by things outside the brain, such as electromagnetic interference from lights, AC power lines, and
electronics, and noise from things going on inside the body, such as digestion, skin resistance changes,
heart activity, eye movements, muscle movements, and breathing [16]. Furthermore, functional
activities detected by EEG are affected by volume conduction before being recorded in the scalp,
leading to correlations between multiple EEG channels that affect competitive performance [17,18].

Moreover, both between- and within-subject variability pose significant challenges to develop-
ing a universal EEG-based pain detection algorithm. Genetic, cognitive, and neurodevelopmental
differences contribute to variability in neural responses to pain, making it difficult to generalize across
individuals. Research has shown that inter- and intra-individual neural variability significantly affects
the accuracy of decoding pain-related EEG signals, complicating the identification of universal neural
pain markers [19]. Additionally, genetic variations, such as those related to serotonin regulation,
have been linked to differences in pain perception and EEG-based biomarkers, further underscoring
the complexity of subject-independent pain assessment [20]. Furthermore, EEG-based functional
connectivity analyses have revealed substantial differences in pain-related neural activity in newborns,
emphasizing the need for adaptive, personalized models for pain detection [21].

In the specific context of EEG-based pain assessment using Machine Learning (ML), traditional
approaches such as Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), Random Forests,
and Linear Discriminant Analysis (LDA) have been widely applied [22]. These methods are popular
due to their ability to handle high-dimensional data and provide interpretability, which is crucial
to understanding the relationship between EEG signals and pain. Additionally, in [23] the authors
underscored the potential of EEG and ML models such as SVM, LDA, k-NN, and Common Spatial
Patterns (CSP) in pain biomarker research. Moreover, [24] explored the potential of EEG to detect pain
in adolescents, including those with chronic musculoskeletal pain and those without it, by using SVMs
and logistic regression models to classify resting and pain conditions based on EEG signal features.
Recently, authors in [8] introduce a ML strategy to distinguish between pain states and non-pain by
extracting functional connectivity features and employing a combination of an SVM with a Radial
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Basis Function (RBF) kernel and a decision tree. Similarly, [25] implemented a decision tree based on
average brain maps to classify pain levels. In contrast, [26] developed a hierarchical SVM classifier
to categorize pain intensities. Each node within this classifier utilized a custom subset of features,
selected using the sequential forward selection method, with the SVM parameters fine-tuned through
Bayesian optimization. However, ML-based strategies rely on handcrafted features and struggles
with capturing complex brain activity patterns, often lacking the generalization required for robust
EEG-based analysis [27].

Deep Learning (DL)-based EEG classification algorithms have demonstrated exceptional potential
in overcoming the challenges associated with EEG signal analysis. Among these, convolutional
neural networks (CNNs) have emerged as the most effective for feature extraction, as they can
efficiently capture both spatial and temporal patterns [28]. Notable CNN architectures widely used
for EEG classification include EEGNet, ShallowConvNet, and DeepConvNet, which have shown
superior performance in decoding. Beyond CNNs, various DL models have been investigated for
EEG analysis. Autoencoders, for example, transform EEG data into a lower-dimensional feature space
while reducing noise, enabling the generation of more refined signal representations [29]. Meanwhile,
Recurrent Neural Networks (RNNs) leverage the sequential nature of EEG signals, effectively capturing
temporal dependencies essential for understanding signal dynamics [30]. Recently, Transformer-based
models have gained prominence for their ability to capture long-range dependencies, effectively
extracting both global and local features of EEG signals through attention mechanisms [31]. Despite
these advancements, applying these DL approaches in the medical field, particularly for EEG-based
pain detection, remains a significant challenge. First, their black box nature hinders interpretability,
making it difficult to derive meaningful insights into the neurological mechanisms specific to each
individual [32]. Second, these models frequently fail to account for the intricate interconnections
between neurological, physiological, and behavioral factors [33]. Recognizing and incorporating these
influences is essential to achieve more personalized outcomes.

To face the above challenges, some approaches have been proposed to enhance the well-
established EEGNet architecture. For instance, the Kernel Regularized EEGNet (KREEGNet) employs
a Central Kernel Alignment (CKA) framework as a regularization strategy to optimize model perfor-
mance [34]. Besides, the Kernel Cross-Spectral Functional Connectivity Network (KCS-FCNet) applies
Gaussian kernels aiming to determine functional connectivities and feeding these into a fully connected
layer, that maps EEG data into a higher-dimensional feature space to enhance its representation and
favors classification tasks [35]. Nevertheless, subject-dependent approaches remain widely used, often
lacking the necessary generalization for effective cross-subject pain assessment.

On the other hand, in terms of interpretability, various attribution methods have emerged. Class
Activation Maps (CAMs) are widely used for image-based tasks, as they identify which parts of the
input most influence the model’s decisions. Initially introduced in [36], CAMs employ weighted
activations in a given layer to compute the impact of each feature on the outcome. Grad-CAM extends
this by reweighting based on gradients from the model, though it presumes uniform importance
across activations [37]. Yet, crucial spatio-frequency features remain unclear, limiting their potential
for enhancing explainability in EEG-based pain detection [38].

We present an EEG-based pain detection framework for non-verbal patients leveraging the
KCS-FCNet model [35]. We structure our approach into three key components:

• KCS-FCNet-based Pain Detection: We employ 1D convolutional layers to extract rich spatio-
frequency features from EEG channels. Additionally, cross-spectral distribution estimation is
utilized to capture pain-related patterns, generating functional connectivity feature maps that
reveal meaningful pairwise channel relationships.

• Explainability through Frequency CAM (FCAM): To enhance model interpretability, we intro-
duce Frequency CAM (FCAM), a novel technique that provides deeper insights into the model’s
decision-making by analyzing both input EEG channel importance and frequency band contribu-
tions to pain detection.
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• Cross-Subject Analysis: We address subject variability by performing cross-subject analysis
and grouping, clustering individuals based on similar pain detection performance, functional
connectivity patterns, sex, and age, thus improving generalizability across diverse populations.

For testing, we employ the Brain Mediators of Pain dataset [39], to classify between no pain and
high pain states. To assess the inter-subject generalization capabilities, we compare the performance of
classical machine learning models, EEGNet, and our enhanced KCS-FCNet framework in EEG-based
pain detection tasks [39]. Furthermore, we utilize both subject-dependent training and a leave-one-
subject-out cross-validation strategy to evaluate model generalizability across different individuals.
Our findings demonstrate that the proposed KCS-FCNet model offers a robust, non-invasive pain
detection solution with enhanced spatio-frequency interpretability, making it particularly valuable for
assisting in pain assessment for non-verbal patients.

The remainder is as follows: Section 2 describes the materials and methods. Sections 3 and 4
present the experiments and discuss the results. Finally, Section 5 presents the conclusions and future
work.

2. Materials and Methods
2.1. Brain Mediators of Pain Database

Brain Mediators of Pain is an EEG database that consists of four paradigms recorded on 51
subjects for pain assessment [39]. In each paradigm, 60 painful stimuli were applied by cutaneous
laser stimulation to the dorsum of the left hand. The intensity of the stimulus was varied between
three levels: low, medium, and high in a pseudo-randomized sequence where each level was applied
20 times. The stimuli were presented with an interstimulus interval of 8–12 seconds. EEG data were
collected using 65 electrodes, covering all positions from the international 10–20 system, with two
additional electrodes placed below the outer canthus of each eye. Figure 1 shows the EEG montage
used. During acquisition, the EEG signals were referenced to the FCz electrode and grounded at AFz,
with a sampling rate of 1000 Hz. The signals were filtered with a high-pass of 0.015 Hz and a low-pass
of 250 Hz. The data were downsampled to 500 Hz. For artifact detection, a 1 Hz high-pass filter and a
50 Hz notch filter were applied to remove line noise. Finally, for the purpose of this study, the EEG
data was downsampled again to 256 Hz, band-pass filtered between 4 and 60 Hz to preserve the theta
(4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma (30-60 Hz) frequency bands. For simplicity,
EEG channels and conventional 10–20 electrodes are preserved. Then, LE, RE, Ne, Ma, Ext, and ECG
records are removed.

The demographic summary in Table 1 presents key characteristics of the study participants. The
sample is composed of 26 men and 25 women, resulting in a nearly balanced distribution between
genders. The participants’ ages range from a minimum of 20 to a maximum of 37 years, indicating
a relatively young cohort. The mean age is 26.74 years with a standard deviation of 3.86, reflecting
moderate age variability within the group.

Table 1. Brain Mediators of Pain database demographic information summary.

Attribute Value
Men 26

Women 25
Min Age 20
Max Age 37

Mean Age 26.74 ± 3.9
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Figure 1. Brain Mediators of Pain EEG Montage. The topoplot illustrates the sensor positions in a 10–20 placement
EEG electrode system, containing 65 channels. Besides, it highlights in color the main parts of the brain ( Frontal
left, Frontal, Frontal right, Central right, Posterior right, Posterior, Posterior left, Central left).

Regarding the pain classification paradigms, see Figure 2, the motor one required participants to
release a button as quickly as possible after receiving the pain stimulus, and reaction times served as an
indicator of intensity. The perception paradigm asked participants to verbally rate their pain on a scale
from 0 (no pain) to 100 (worst tolerable pain) three seconds after each stimulus. The third paradigm,
autonomic, involved the administration of 60 painful stimuli while simultaneously recording Skin
Conductance Responses (SCRs). Finally, for the combined one, participants first released a button and
then immediately provided a verbal pain rating while the SCRs were recorded.

Figure 2. Brain Mediators of Pain database experimental paradigms sketch.
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Notably, given our objective to facilitate pain detection tasks for non-verbal patients, we adopt the
motor paradigm as a binary classification approach, distinguishing between no pain and high-intensity
stimulus, e.g., high pain [40]. For concrete evaluation, each of the 51 subjects contributes 40 EEG trials,
each lasting three seconds and recorded at a sampling frequency of 256 Hz across 64 channels.

2.2. Kernel Cross-Spectral Functional Connectivity Network (KCS-FCNet)

Let x ∈ X represents a wide-sense stationary stochastic process with a real-valued auto-correlation
function Rx(τ) ∈ R, defined as [41]:

Rx(τ) =
∫
R

exp(j2πτ f )dPx( f ), (1)

where Px( f ) ∈ [0, 1] is a monotonic, absolutely continuous, and differentiable spectral distribution
function over the frequency domain f ∈ R.

Considering two vectors x, x′ ∈ RT , Equation (1) can be extended from a univariate correlation
function to a pairwise correlation using a generalized stationary kernel κ : RT × RT → R. This
kernel maps the data into a Reproducing Kernel Hilbert Space (RKHS) via a nonlinear function
ϕ : RT → H. Bochner’s theorem states that such an extension is valid under the assumption that the
spectral representation between the vectors satisfies [42]:

κ(x − x′) =
∫

Ω
exp

(
j2π(x − x′)⊤ f

)
Sxx′( f )d f , (2)

where f ∈ Ω is a vector-valued frequency domain within the bandwidth Ω, and Sxx′( f ) ∈ C is the
cross-spectral density function, with Sxx′( f ) = dPxx′( f )/d f , where Pxx′( f ) ∈ [0, 1] is the cross-spectral
distribution. Thereby, the cross-spectral distribution yields:

Pxx′(Ω) = 2
∫

Ω
F{κ(x − x′)}d f . (3)

where F{·} stands for the Fourier transform and Pxx′(Ω) ∈ [0, 1] captures cross-frequency information
by extracting nonlinear dependencies within f ∈ Ω. Next, the Gaussian kernel is fixed in Equation 3
for its universal approximation capabilities and efficient computation:

κG(x − x′; σ) = exp

(
−∥x − x′∥2

2
2σ2

)
, (4)

where ∥·∥2 is the l2-norm and σ ∈ R+ is a scale hyperparameter.
Now, let {Xn ∈ RC×T , yn ∈ {0, 1}K̃}N

n=1 be a subject-dependent input-output EEG-based pain
detection dataset, holding N trials, T time instants, C channels, and K̃ classes. In particular, K̃ = 2
for no-pain vs. high-pain states. To capture the most informative EEG patterns from a given trial X,
the Kernel Cross-Spectral Functional Connectivity Network (KCS-FCNet) estimates the cross-spectral
distribution between EEG channels as in Equation 3 within a DL approach [35]. Indeed, KCS-FCnet
uses 1-D convolutions to combine feature layers that pull out time-frequency patterns in each channel
and a Gaussian kernel-based pairwise similarity as:

P̂f = κG(·; σ) ◦ φ(·; w f )(X), (5)

where notation ◦ stands for function composition, φ(·; w f ) holds F̃ 1-D convolutional filters with
w f ∈ R∆T , ∆T < T, and f ∈ {1, 2, . . . , F̃}. Also, Equation 5 operates κG(·; σ) for each pair of filtered
EEG channels regarding the weights w f ; then, P̂f ∈ [0, 1]C×C holds the pairwise EEG channel
kernel-based cross-spectral distribution feature map of the input trial X for the f -th KCS-FCNet’s filter.
Moreover, an average cross-spectral functional connectivity measure can be computed as:

P̃ =
1
F̃

F̃

∑
f=1

P̂f , (6)
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where P̃ ∈ [0, 1]C×C. The latter allows coding different frequency bands of a single-trial EEG that relate
to each other across channels. After computing the average functional connectivity measure, as in
Equation 6, a softmax-based output layer is applied over a vectorized version of P̃. Then, the predicted
class membership is as follows:

ŷ(θ) = softmax
(
v ⊗ vec

(
P̃
)
+ b

)
, (7)

where v ∈ RC(C−1)/2×K̃, b ∈ RK̃, ŷ(θ) ∈ [0, 1]K̃, ⊗ stands for tensor product, and θ = {w f , v, b, σ; ∀ f ∈
{1, 2, . . . , F̃}}.

A cross-entropy-based loss and a gradient descent framework using back-propagation are em-
ployed to optimize the network parameters [27]:

θ∗ = arg min
θ

−1
N

N

∑
n=1

K̃

∑
k=1

ynk log(ŷnk(θ)), (8)

where ynk ∈ yn and ŷnk(θ) ∈ ŷn(θ). Figure 3 presents the KCS-FCnet main pipeline for EEG-based
pain classification.
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Time-Frequency Filters

Figure 3. Kernel Cross-Spectral Functional Connectivity Network-(KCS-FCNet) pipeline for EEG-based pain
detection. Our proposal aims to support non-verbal patient pain detection through brain activity analysis (no-pain
vs. high-pain).

2.3. Pain Detection Explainability Through Frequency Class Activation Maps (FCAM)

Gradient-weighted Class Activation Mapping++ (Grad-CAM++) is an advanced deep learning
interpretability technique that generates high-resolution heatmaps to localize important regions within
an input image more accurately than traditional CAM approaches [43]. By leveraging higher-order
gradients, Grad-CAM++ provides refined localization and a more detailed understanding of model
decisions. In our approach, we integrate Grad-CAM++ into an EEG-based pain detection framework,
representing each trial X as an image with C rows (channels) and T columns (time steps) to enhance
interpretability and feature relevance analysis.

Here, an upsampled EEG-CAM, denoted as Λ
φ
k (X) ∈ RC×T , is computed for an input trial X

corresponding to the k-th class (k ∈ K̃). This CAM is derived from the φ(·) layer in Equation 5 to
highlight salient spatio-temporal patterns encoded by KCS-FCNet:
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Λ
φ
k (X) = ReLU

(
ζ

(
F̃

∑
f=1

β
φ
k f ⊙ Z̃φ

k f

))
, (9)

ζ(·) denotes an up-sampling function, ReLU(·) is the Rectified Linear Unit, Z̃φ
k f ∈ RC×∆T represents

the activation map for the f -th 1-D convolutional filter regarding the k-th class, and ⊙ stands for the
Hadamard product. The Grad-CAM++ weights β

φ
k f are computed as:

β
φ
k f =

C

∑
c=1

∆T

∑
t=1

αk f [c, t] · ReLU

(
∂ỹk

∂Z̃φ
k f [c, t]

)
, (10)

where ỹk ∈ R+ is the k-th class score, and αk f [c, t] are the Grad-CAM++ coefficients calculated
using higher-order partial derivatives of ỹk with respect to Z̃φ

k f [c, t].
We normalize the EEG-CAM to focus on important spatial and temporal EEG inputs and reduce

unwanted CAM artifacts between classes, as follows:

Λ̃
φ
k (X) =

Λ
φ
k (X)

max
k′∈K̃

Λ
φ
k′(X)

. (11)

with Λ̃
φ
k (X) ∈ [0, 1]C×T .

Lastly, to reveal explainable spatio-frequency patterns, we propose to compute the Frequency
CAM (FCAM) vector γk ∈ RC as:

γk(Ω̃) = F−1{F{Λ̃
φ
k (X)}; Ω̃}1T , (12)

where Ω̃ rules the frequency band of interest and 1T is an all-ones vector of size T.

2.4. Cross-Subject Pain Detection Analysis

To address pain detection subject variability, we build a scoring matrix that contains as many rows
as subjects in the Brain Mediators of Pain Database dataset. In particular, we compute the Accuracy
(ACC), the Area Under the ROC Curve (AUC), and the Cohen’s Kappa scores for subject-dependent
pain detection performance:

ACC =
TP + TN

TP + TN + FP + FN
(13)

AUC =
∫ 1

0

TP
TP + FN

d
(

FP
FP + TN

)
(14)

Kappa =
2 · (TP · TN − FP · FN)

(TP + FP) · (FP + TN) + (TP + FN) · (FN + TN)
, (15)

where TP, TN, FP, and FN stand for true positive, true negative, false positive, and false negative
pain detection values. Then, to code classification variability, we also include the standard deviation of
each performance measure in Equations 13–15.

Next, to incorporate pairwise channel dependencies captured by the KSC-FCNet, we computed
the average trial-wise, Gaussian-based functional connectivity matrix for each subject set after network
training. Subsequently, a two-sample Kolmogorov–Smirnov test (2KS) [44] is conducted for each
pairwise connection to assess differences between the two pain detection classes (no-pain vs. high-
pain). The average p-value across all pairwise functional connectivity 2KS tests is then calculated to
summarize group-level distinctions. In turn, subject-specific features such as sex and age are also
included in the analysis.

All features are normalized within the range [0, 1] to keep the intuition of higher is better in the
score matrix. We replace the standard deviation with its complement and normalize Cohen’s kappa
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by adding the unit and dividing by two. Finally, the well-known t-Distributed Stochastic Neighbor
Embedding (t-SNE) [27] is carried out for visual inspection and further stratification and cross-subject
testing. Figure 4 depicts the proposed cross-subject pain detection analysis pipeline.

Sex and Age Gaussian-Based Matrix

Subject-Dependent

Scores: ACC, AUC, Kappa

2KS Test Results

Cross-Subject Pain

Detection Analysis

KSC-FCNet Functional

Connectivity

Group-Level

Distinctions

Standard Deviation of

Scores

t-SNE Application

Classification Variability

Visualization

Techniques

Subject-Specific

Features

Figure 4. Cross-Subject Pain Detection Analysis based on KCS-FCNet detection.

3. Experimental Set-Up
Our proposed KCS-FCNet framework, incorporating enhanced spatio-frequency explainability via

FCAMs, is evaluated across both subject-dependent and cross-subject pain detection tasks, specifically
distinguishing between no-pain and high-pain conditions.

3.1. Assessment and Method Comparison

We computed the ACC, AUC, and Kappa performance measures in Equations 13-15 as quantitative
assessment. As a method comparison, we tested the Power-based EEG Features with SVM classifier
presented in [40], the Filterbank CSP (FBCSP) with LDA [45], and the well-known end-to-end EEG
classification network EEGNet [46]. Of note, to maintain consistency with previous research on the
relationship between neural activity and pain perception and to ensure the preservation of critical
information necessary for accurate pain classification, a band-pass filter was applied between 4 and 60
Hz to preserve Theta (4–8 Hz), Alpha (8–13 Hz), Beta (13–32 Hz), and Gamma (30–60 Hz) rhythms, as
these have been associated with various aspects of the pain experience.

3.2. Training Details

The models were trained using 5-fold cross-validation (80% training, 20% testing), with ACC as
the primary performance measure. Besides, the best-performing fold was selected for each model
and subject to generate the most representative FCAMs (see Section 2.3). We employ the Scikit-Learn,
MNE, and TensorFlow Python libraries. All experiments were conducted in a Kaggle notebook using
the 2022-10-20 environment, which provides two Tesla T4 GPUs with 15GB of VRAM, 30GB of RAM,
and an Intel Xeon CPU @ 2GHz with two threads per core and two sockets per core. We trained the
DL methods for 500 epochs using the Adam optimizer (1e-3 learning rate) and binary cross-entropy
loss. Additionally, we implemented callbacks to terminate training upon encountering NaN values
and to reduce the learning rate when training plateaued.

For hyperparameter selection, we used grid search, varying the ∆T value as Fs
2 , Fs

4 , and Fs
10 , and

setting the number of filters for KCS-FCNet to 2, 4, or 8. The kernel bandwidth in Equation 4 is tuned
through gradient descent within KCS-FCNet training, taking as reference the median pairwise channel
EEG Euclidean distances. Table 2 summarizes the DL hyperparameters used, with any unspecified
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values set to TensorFlow’s defaults. Also, Table 3 details the architecture of the KCS-FCnet. All Python
codes are publicly available at https://github.com/sbuitragoo/master-thesis/tree/main/code.

Table 2. Deep learning hyperparameter setting.

Training Hyperparameter Argument Value
Monitor Training Loss
Factor 0.1

Reduce learning rate on plateau Patience 30
Min Delta 0.01

Min Learning Rate 0
Adam Learning Rate 0.1

Stratified Shuffle Split Splits 5
Test size 0.2

Table 3. Detailed KCS-FCNet Architecture for pain detection.

Layer Output shape Params

Input (C, T, 1) .
Conv2D (C, T − ∆t + 1, F̃) max norm=2.0, kernel size=(1, ∆t), Stride size=(1, 1), Bias=False
BatchNormalization (C, T − ∆t + 1, F̃) .

ELU Activation

FC Block (F̃, C · (C − 1)/2, 1) .
AveragePooling2D (1, C · (C − 1)/2, 1) .
BatchNormalization (1, C · (C − 1)/2, 1) .

ELU Activation

Flatten C · (C − 1)/2 .
Dropout C · (C − 1)/2 Dropout rate = 0.5
Dense Ny Max Norm = 0.5

Softmax

For subject-dependent training, each model was independently trained and evaluated using
data from individual subjects. This approach highlights the importance of capturing subject-specific
pain mechanisms, which can inform more personalized treatment strategies—ultimately improving
the likelihood of therapeutic success [47]. Subsequently, to assess whether the tested pain detection
approaches can achieve a suitable cross-subject generalization, the presented approach in Section 2.4
is carried out for visual subject stratification and grouping. Then, a Leave-One-Subject-Out (LOSO)
cross-validation strategy evaluates each model on EEG recordings from previously unseen subjects,
ensuring a robust measure of inter-subject generalization.

Figure 5 summarizes the main sketch for testing subject-independent and cross-subject pain
detection.

Figure 5. Proposed pipeline for subject-dependent and cross-subject pain detection testing.
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4. Results and Discussion
4.1. Subject-Dependent Method Comparison Results

Figure 6 and Table 4 present the subject-dependent classification results for the FBCSP, EEGNet,
and KCS-FCNet methods. As illustrated, both EEGNet and KCS-FCNet consistently outperformed
traditional approaches such as FBCSP and Power-based feature extraction, demonstrating robust
intra-subject performance. Notably, KCS-FCNet surpassed EEGNet in the majority of subjects, yielding
superior average scores across all major evaluation measures, including ACC, Kappa, and AUC.

These results highlight KCS-FCNet’s enhanced capability in reliably identifying pain-related
neural patterns. Its higher Kappa values indicate greater consistency in classification decisions, while
the elevated AUC reflects stronger class separability. Then, KCS-FCNet is more adept at modeling
individualized neural responses to pain stimuli. A key factor contributing to this advantage is
KCS-FCNet’s integration of Gaussian functional connectivity, which enables it to capture complex,
distributed interactions across EEG channels and frequency bands. By leveraging these nuanced
interdependencies, the model constructs a more expressive and discriminative representation of brain
activity.

10 25 27 15 23 29 19 1 12 46 21 32 16 26 51 43 34 4 22 9 42 13 47 50 28 35 45 14 39 11 8 20 17 44 41 30 6 3 36 24 49 5 31 33 40 48 7 2 37 38
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Figure 6. Subject-dependent pain detection results. An accuracy comparison between FBCSP, EEGNet, and
KCS-FCNet (ours) is presented. Subjects are sorted regarding the KCS-FCNet performance.

Table 4. Average subject-dependent pain detection performance. Standard deviation is also included. − stands
for not provided.

Approach Accuracy Kappa AUC
Power features + SVM [40] 56.5 ± 7.5 – ± – – ± –
FBCSP [45] 53.0 ± 3.8 5.9 ± 7.6 53.0 ± 3.8
EEGNet [46] 62.5 ± 9.9 24.9 ± 19.7 64.6 ± 14.7
KCS-FCnet (ours) 76.4 ± 9.1 52.8 ± 18.1 81.2 ± 11.5

4.2. Cross-Subject Method Comparison Results

Figures 7 shows the 2D t-SNE projection of the suggested method for cross-subject analysis, which
is explained in Section 2.4. The embedding illustrates the cross-subject relationships based on subject-
dependent performance measures (ACC, AUC, Kappa) for the FBCSP, EEGNet, and KSC-FCNet pain
detection methods. Besides, it includes the KCS-FCNet-derived functional connectivity patterns and
demographic attributes, including sex and age. Hence, 22 features are used to represent each subject.
Of note, points within the blue region represent female subjects, while those in the orange region
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correspond to male subjects. Additionally, marker sizes correspond to subject age, while color intensity
reflects subject-dependent pain detection ACC.

At first glance, the subject-dependent performance metrics, when analyzed alongside demo-
graphic data, suggest that gender plays a significant role in influencing the model’s decision-making.
This observation underscores the importance of incorporating gender as a critical factor in pain
classification analyses.
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Figure 7. 2D t-SNE projection visualizing cross-subject relationships. Subject-dependent performance (ACC,
AUC, and Kappa) for FBSCP, EEGNet, and KCS-FCNet. Also, KCS-FCNet functional connectivity patterns, sex,
and age features are used for subject stratification. Points within the blue region represent women, while those
within the orange regions represent men. The sizes correspond to the subjects’ ages, and the color point stands for
subject-dependent pain detection ACC.

Similarly, Figure 8 presents a 2D t-SNE projection illustrating cross-subject relationships based on
the functional connectivity estimated by KCS-FCNet. The color bar represents the p-values of each
connection within the subject-specific connectivity matrices, with darker blue tones indicating stronger
class separability. Thus, the bluer the matrix, the greater its discriminative power. The visualization
reveals substantial inter-subject variability, particularly in terms of local and global discriminative
connectivity patterns identified via the 2KS test (see Section 2.4). Overall, male subjects tend to exhibit
denser brain connectivity profiles, whereas female subjects display more sparse but distinct FC.
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Figure 8. 2D t-SNE projection visualizing cross-subject relationships regarding the KCS-FCNet estimated connec-
tivity. Pruned functional connectivity matrices based on the 2KS are shown (see Section 2.4). The color bar depicts
the p-value of every connection for each subject matrix, where deep blue means more class separability. Therefore,
the bluer the matrix, the better the discriminability. Outer boxes indicate subject gender: orange for male and blue
for female.

Given the demonstrated impact of gender on EEG-based pain classification, new subgroups
were formed by selecting male and female subjects with subject-dependent ACC exceeding 85% to
preserve good-performing pain detection. Table 5 summarizes key demographic characteristics of
these subgroups, including subject sex along with minimum, maximum, and average ages. Tables 6
and 7 show the cross-subject pain detection results for males and females, respectively, from sex-based
grouping as in Table 5. As seen, straightforward FBCSP achieves a poor generalization performance.
DL-based approaches, such as EEGNet and KCS-FCNet, demonstrate good generalization performance
for male-based cross-subject analysis. However, KCS-FCnet outperformed the others, particularly for
male-based grouping. Of note, the LOSO strategy yields higher pain detection performance among
male subjects compared to female subjects. The latter may be attributed to sex-related differences
in EEG patterns, which have been shown to be distinguishable with high ACC by both ML and
DL models. Such findings suggest that sex-specific neural characteristics can significantly influence
classification outcomes in tasks like pain detection [48].

Table 5. Gender-based group distribution. Male and female subjects with subject-dependent ACC > 85 % are
considered.

Group Subjects Min Age Max Age Average Age
Females 1, 10, 12, 23, 29, 46 20 36 26.5 ± 3.9
Males 15, 19, 21, 25, 27 22 33 27.1 ± 3.5

Table 6. Male cross-subject pain detection results. A LOSO cross-validation is carried out. Average ACC and
standard deviation are presented.

Approach Accuracy Kappa AUC
FBCSP [45] 57.6 ± 7.8 15.3 ± 15.6 57.7 ± 7.8
EEGNet [46] 77.7 ± 3.7 55.5 ± 7.5 86.5 ± 3.7
KCS-FCNet (ours) 80.8 ± 6.4 61.6 ± 12.8 90.8 ± 7.7

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 March 2025 doi:10.20944/preprints202503.1899.v1

https://doi.org/10.20944/preprints202503.1899.v1


14 of 20

Table 7. Female cross-subject pain detection results. A LOSO cross-validation is carried out. Average ACC and
standard deviation are presented.

Approach Accuracy Kappa AUC
FBCSP [45] 62.5 ± 10.1 25.0 ± 20.2 62.5 ± 10.1
EEGNet [46] 63.3 ± 10.6 26.6 ± 21.1 78.3 ± 17.9
KCS-FCNet (ours) 67.5 ± 14.0 35.0 ± 28.1 80.9 ± 18.3

Furthermore, Figure 9 compares the models’ ACC within the male group across subject-dependent
and cross-subject pain detection experiments. The figure highlights an expected drop in ACC when
transitioning to subject-independent evaluation, as models are tested on previously unseen subjects.
Despite this decline, the models, particularly KCS-FCNet, maintain strong performance, demonstrating
their ability to generalize effectively to unseen data.

Although overall performance was slightly reduced in the female subgroup, KCS-FCNet consis-
tently outperformed all other models, as shown in Figure 10. This highlights its robust generalization
capabilities, particularly for pain detection in previously unseen subjects—a critical requirement for
reliable assessment in non-verbal patient populations. These results underscore the model’s potential
for real-world, subject-independent applications. Notably, KCS-FCNet exhibited particularly strong
performance in the male group, achieving the highest scores across all evaluation metrics, further
reinforcing its effectiveness and robustness across diverse demographic profiles.
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Figure 9. Males’ group accuracy comparison within the subject-dependent and cross-subject pain detection
experiments.
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Figure 10. Females’ group accuracy comparison within the subject-dependent and cross-subject pain detection
experiments.

4.3. FCAM-Based Spatio-Frequency Explainability Results

To provide deeper insight into the pain detection results, Figures 11 and 12 present the FCAM
spatio-frequency relevance analysis results (see Equation 12). Spatio-frequency topomaps are presented
using Subjects 15 and 29 as a representative male and female case, respectively. Frequency bands
include theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), gamma (30–60 Hz), and the full band (4–60
Hz). The FCAM relevance vectors are scaled from 0 to 1, which lets them pick out patterns that
are different between the no-pain and high-pain detection classes. Moreover, Figure 13 show their
corresponding KCS-FCNet-based Gaussian functional connectivities.

As seen, this visualization aligns closely with the findings in [49], which identified a direct
correlation between pain experience and a decrease in the activity of the alpha and beta frequency
bands for male subjects. Likewise, it closely aligns with the results obtained in [50] where they indicated
that in women, the subjective unpleasantness of pain is strongly associated with an increase in activity
in the pregenual anterior cingulate cortex. Together, the CAMs reinforce the relationship between
specific EEG frequency bands and the neural representation of pain, highlighting their importance in
accurate pain classification.
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Figure 11. FCAM-based spatio-frequency results. We present Subject 15 as a representative male subject. Theta
(4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), gamma (30-60 Hz), and full-band (4-60 Hz) are shown. FCAM relevance
vector is normalized between 0 and 1, considering both no-pain and high-pain pain detection classes.
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Figure 12. FCAM-based spatio-frequency results. We present Subject 29 as a representative female subject. Theta
(4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), gamma (30-60 Hz), and full-band (4-60 Hz) are shown. FCAM relevance
vector is normalized between 0 and 1, considering both no-pain and high-pain pain detection classes.

Figure 13. KCS-FCNet-derived Gaussian functional connectivity patterns for representative subjects: female
(Subject 29) and male (Subject 15). 2KS-based pruning is carried out to preserve discriminative FC with p-
value< 0.05. Then, connections exceeding 97% of the maximum relevance value are retained for visualization.
Colored brain regions within the graph are related to Figure 1.
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4.4. Limitations

Despite the promising results obtained with our proposed EEG-pain detection framework using
KCS-FCNet and FCAM, several limitations should be acknowledged. First, although the model shows
competitive subject-independent performance, especially when compared to traditional methods,
the variability in EEG responses across individuals remains a significant challenge. Inter-subject
variability related to genetic, psychological, and neurodevelopmental factors can result in distinct
neural signatures of pain, which limits the generalizability of DL models trained on limited cohorts.
Furthermore, while sex-specific grouping enhanced cross-subject pain detection performance in our
experiments, the model’s ability to generalize across other demographic dimensions—such as cultural
background, pain tolerance, or cognitive state—was not explored and may affect its robustness in
real-world clinical scenarios [3].

Another key limitation concerns the availability and diversity of EEG datasets for pain assessment.
Most publicly available databases, including the one used in this study, rely on controlled experimental
pain stimuli (e.g., laser-evoked pain) that may not fully capture the complexity of chronic or sponta-
neous pain experienced by patients in clinical settings [51]. Additionally, the relatively short duration
of EEG recordings and the binary nature of the classification task (no-pain vs. high-pain) do not reflect
the continuous and subjective nature of real pain experiences. This underscores the need for future
work to explore multimodal data fusion (e.g., EEG with fNIRS, facial expressions, or physiological
signals), develop more nuanced pain intensity scales, and validate models in naturalistic and clinical
environments. Moreover, interpretability methods such as FCAMs, while useful, still require domain
expert validation to ensure the clinical relevance of the identified patterns.

5. Conclusions
We present a novel EEG-based pain detection framework designed to support pain assessment

in non-verbal patients. Central to our approach is the Kernel Cross-Spectral Functional Connectivity
Network (KCS-FCNet), which effectively captures discriminative spatio-frequency EEG patterns by
modeling pairwise channel dependencies through Gaussian kernel-based connectivity. To improve
interpretability, we introduce the Frequency Class Activation Mapping (FCAM) technique—an adapta-
tion of the Grad-CAM++ method—allowing for detailed visualization of relevant EEG channels and
frequency bands contributing to the model’s predictions. Furthermore, we perform a comprehensive
cross-subject analysis that incorporates subject-dependent performance metrics, KCS-FCNet-derived
functional connectivity patterns, as well as demographic attributes such as sex and age, enabling the
grouping of individuals with similar pain-related neural responses.

Our results demonstrate that the proposed KCS-FCNet framework offers a robust and inter-
pretable solution for EEG-based pain detection, particularly suited for non-verbal populations. By
integrating kernel-based functional connectivity estimation with convolutional neural networks, our
model effectively captures spatio-frequency dependencies across EEG channels, achieving superior
classification performance compared to traditional machine learning methods and baseline deep learn-
ing models such as EEGNet. Also, the incorporation of Frequency Class Activation Maps (FCAMs)
further enhances the model’s interpretability, providing insight into the spectral and spatial patterns
associated with pain states, differentiation male and female pain detection patterns.

Additionally, the cross-subject analysis underscores the model’s generalization capability, espe-
cially when stratifying by sex and leveraging connectivity-based metrics. The improved performance
within specific demographic subgroups suggests that personalized models, informed by subject-
specific features, can yield more accurate and reliable pain detection. These findings reinforce the
importance of considering both biological and connectivity-based heterogeneity in EEG signals when
developing clinically applicable tools for objective pain assessment.

Future work will explore the extension of this approach to multimodal data, integrating EEG with
other physiological or behavioral signals such as fNIRS, heart rate variability, or facial expressions
to enhance pain classification performance in real-world scenarios [52]. We also plan to validate the
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framework on clinical datasets involving chronic and spontaneous pain conditions, moving beyond
experimental stimuli [53]. Furthermore, the development of lightweight, real-time implementations of
KCS-FCNet will be essential for deployment in bedside or wearable monitoring systems, ultimately
supporting continuous and objective pain assessment in clinical environments.
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