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Abstract

EEG-based emotion recognition is challenging due to high signal-to-noise ratio, sub-
tle difference in emotional states and mainly inter-participant variability. Previous
works have shown that Spiking Neural Networks (SNN) are suitable for captur-
ing temporal EEG activity, however, their learned representations are difficult to
interpret at a channel level. This study proposes a channel-wise KAN (Kolmogorov-
Arnold Networks) guided SNN for interpretable emotion recognition using EEG data
from the DER-VREEG dataset. The dataset classifies emotion from four distinct
emotion classes: happy, bored, calm and scared using four channels that capture
EEG data from TP9, TP10, AF7 and AF8 which are four distinct regions of the
human brain. Unlike traditional SNN classifiers, our proposed model can estimate
the contribution factor of each of the four EEG channels towards predicting a cer-
tain emotion class, which is crucial for neuroscientists to study how a specific region
of the brain reacts to a specific emotion. The framework thus provides explain-
able EEG emotion recognition along with classification accuracy that is on par with
existing related architectures.

Keywords: Emotion recognition, EEG, SNN, KAN

iv



Table of Contents

Declaration i

Approval ii

Abstract iv

Table of Contents v

List of Figures viii

List of Tables ix

Nomenclature ix

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Rational of the Study or Motivation . . . . . . . . . . . . . . . . . . . 2
1.3 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.5 Methodology in Brief . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.6 Scopes and Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Literature Review 7
2.1 Preliminaries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 EEG-Based Emotion Recognition . . . . . . . . . . . . . . . . 7
2.1.2 Kolmogorov–Arnold Representation Theorem . . . . . . . . . 7
2.1.3 Kolmogorov–Arnold Networks . . . . . . . . . . . . . . . . . . 8
2.1.4 Spline-Based Function Approximation in KAN . . . . . . . . . 8
2.1.5 Spiking Neural Networks . . . . . . . . . . . . . . . . . . . . . 9
2.1.6 Interpretability in EEG Modelling . . . . . . . . . . . . . . . . 10

2.2 Review of Existing Research . . . . . . . . . . . . . . . . . . . . . . . 10
2.2.1 DER-VREEG and Low-Cost VR-EEG Emotion Recognition . 10
2.2.2 Deep-Learning Approaches for EEG Emotion Recognition . . 11
2.2.3 Channel-Aware and Graph-Based EEG Emotion Recognition . 12
2.2.4 Spiking Neural Networks for EEG and Emotion-Related Recog-

nition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2.5 Kolmogorov–Arnold Networks and Their Relevance to EEG

Modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.6 Research Gap . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3 Summary of Key Findings . . . . . . . . . . . . . . . . . . . . . . . . 16

v



3 Requirements, Impacts and Constraints 18
3.1 Final Specifications and Requirements . . . . . . . . . . . . . . . . . 18
3.2 Societal Impact . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.3 Environmental Impact . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.4 Ethical Issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.5 Standards . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.6 Project Management Plan . . . . . . . . . . . . . . . . . . . . . . . . 22
3.7 Risk Management . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.8 Economic Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

4 Proposed Methodology 25
4.1 Design Process or Methodology Overview . . . . . . . . . . . . . . . . 25
4.2 Preliminary Design or Design (Model) Specification . . . . . . . . . . 26

4.2.1 Alternative Design 1: Conventional Machine Learning . . . . . 26
4.2.2 Alternative Design 2: Conventional Deep Neural Network . . . 27
4.2.3 Alternative Design 3: Plain SNN with Linear Readout . . . . 27
4.2.4 Alternative Design 4: KAN Encoder with SNN . . . . . . . . 27
4.2.5 Selected Design: SNN Backbone with KAN Readout . . . . . 27
4.2.6 Input Representation . . . . . . . . . . . . . . . . . . . . . . . 28
4.2.7 Exponential Latency-Based Spike Encoding . . . . . . . . . . 28
4.2.8 SNN Backbone . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.2.9 Surrogate Gradient Learning . . . . . . . . . . . . . . . . . . . 31
4.2.10 KAN Readout . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.2.11 Spline Parameterization of KAN Functions . . . . . . . . . . . 33
4.2.12 Loss Function . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.2.13 Final Proposed Architecture . . . . . . . . . . . . . . . . . . . 34

4.3 Data Collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
4.3.1 Data Cleaning . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
4.3.2 Data Transformation . . . . . . . . . . . . . . . . . . . . . . . 36
4.3.3 Data Integration . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.3.4 Data Reduction . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.3.5 Summary of Preprocessed Data . . . . . . . . . . . . . . . . . 38

4.4 Implementation of Selected Design . . . . . . . . . . . . . . . . . . . 39
4.4.1 Step 1: Dataset Loading . . . . . . . . . . . . . . . . . . . . . 39
4.4.2 Step 2: Cleaning and Label Encoding . . . . . . . . . . . . . . 39
4.4.3 Step 3: Normalization . . . . . . . . . . . . . . . . . . . . . . 39
4.4.4 Step 4: Window Generation . . . . . . . . . . . . . . . . . . . 40
4.4.5 Step 5: Spike Encoding . . . . . . . . . . . . . . . . . . . . . . 40

5 Result Analysis 41
5.1 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.2 Analysis of Design Solutions . . . . . . . . . . . . . . . . . . . . . . . 45
5.3 Final Design Adjustments . . . . . . . . . . . . . . . . . . . . . . . . 45
5.4 Statistical Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
5.5 Comparisons and Relationships . . . . . . . . . . . . . . . . . . . . . 51
5.6 Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

vi



6 Conclusion 58
6.1 Summary of Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
6.2 Contributions to the Field . . . . . . . . . . . . . . . . . . . . . . . . 58
6.3 Recommendations for Future Work . . . . . . . . . . . . . . . . . . . 59

Bibliography 62

vii



List of Figures

1.1 High-level methodology of the proposed EEG emotion-recognition
framework. The workflow begins with the DER-VREEG EEG dataset,
followed by preprocessing, spike encoding, SNN-based temporal fea-
ture extraction, KAN readout, emotion prediction, and final evalua-
tion with interpretability analysis. . . . . . . . . . . . . . . . . . . . . 5

4.1 Final proposed SNN + KAN readout architecture for interpretable
EEG emotion recognition. The architecture converts normalized EEG
windows into spike-based representations, processes them through an
SNN backbone, and uses a KAN readout to produce channel-wise
class contribution vectors before final emotion prediction. . . . . . . . 35

5.1 Training and validation accuracy of the selected SNN + KAN readout
model on DER-VREEG. . . . . . . . . . . . . . . . . . . . . . . . . . 43

5.2 Training and validation loss of the selected SNN + KAN readout
model on DER-VREEG. . . . . . . . . . . . . . . . . . . . . . . . . . 43

5.3 Per-class precision, recall, and F1-score of the selected SNN + KAN
readout model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.4 Overall performance statistics of the final SNN + KAN readout model
on the DER-VREEG dataset. . . . . . . . . . . . . . . . . . . . . . . 49

5.5 Confusion matrix of the final SNN + KAN readout model for four-
class DER-VREEG emotion classification. . . . . . . . . . . . . . . . 50

5.6 Channel-wise KAN contribution curves toward the Scared class. The
curves illustrate how TP9, AF7, AF8, and TP10 can contribute dif-
ferently to the Scared prediction through the KAN readout. . . . . . 53

viii



List of Tables

3.1 Project Management Plan . . . . . . . . . . . . . . . . . . . . . . . . 22
3.2 Risk Management Plan . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3 Estimated Cost Components . . . . . . . . . . . . . . . . . . . . . . . 24

5.1 Performance comparison of evaluated model variants . . . . . . . . . 42
5.2 Analysis of design solutions . . . . . . . . . . . . . . . . . . . . . . . 46
5.3 Statistical summary of the final SNN + KAN readout model . . . . . 50
5.4 Internal comparison of evaluated model variants . . . . . . . . . . . . 52
5.5 Comparison of the proposed model with related modelling approaches 55

ix



Chapter 1

Introduction

1.1 Background

Human emotion is one of the crucial components of behaviour, communication,
cognition, as well as decision-making. In HCI, mental health monitoring, affective
computing, adaptive learning systems and brain-computer interface applications,
the ability to recognize emotional states of the person involved can help machines to
respond in a more personalized, context-aware and human-like manner. In this re-
gard, physiological signals that are generated by the internal body and brain activity
provide a way of studying emotions. Among such signals, electroencephalography
(EEG) is widely used for emotion recognition tasks as it records electrical activity
in the brain directly from the scalp in a non-invasive manner [14], [16]. EEG-based
emotion recognition has been studied extensively using traditional machine learn-
ing methods as well as deep learning approaches like graph-based models, recurrent
networks, multi-layered architectures, convolutional neural networks and more re-
cently, biologically inspired structures. However, challenges remain in EEG emotion
recognition that include EEG signals being noisy, non-stationary, heavily subject-
dependent, sensitive to electrode placement, device quality, as well as preprocessing
choices [16], [18].

Most conventional deep learning approaches process EEG data using continuous-
valued activations and a massive number of floating point computations. While it
is true that such models can achieve strong classification performance, they do not
reflect the event-based nature of biological neural communication. Spiking Neural
Networks (SNN), often referred to as the third generation of neural networks, of-
fer a different computational approach by representing information through discrete
spike events and membrane potential dynamics [3], [10]. This makes SNNs a strong
candidate for EEG analysis because EEG is generated by brain electrical activity,
and SNNs provide a biologically inspired way of modelling spatio-temporal signal
processing where both the location and timing of an electrical event equally matters.

In addition to biological plausibility, SNNs are closely associated with neuromorphic
computing. Neuromorphic computing involves designing brain-inspired computa-
tional systems that analyze information efficiently through event-driven mechanisms
[9], [24]. Although this research has been tested out on a software level and not on
neuromorphic hardware, because of biological plausibility, the use of spike-based
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architecture keeps the possibilities towards future low-power neuromorphic EEG
systems open. This is relevant due to the fact that practical EEG emotion recog-
nition may eventually need to run on real-time, compact and energy efficient devices.

Despite all these advantages, SNN-based emotion recognition has the limitation of
loss of information owing to the conversion of continuous EEG values into spike
trains if the appropriate encoding technique is not applied. In addition, SNNs are
more difficult to train than ANNs because the spikes, which are basically instan-
taneous changes with respect to time, are non-differentiable by nature. Surrogate
gradient descent has become a common tool in order to deal with this issue, where
the gradients are approximated via a smoother function during backpropagation
while maintaining spike-based forward propagation [8], [11]. Another crucial limi-
tation is interpretability of EEG channels. Since each EEG channel captures brain
activity from a distinct region of the brain, channel-level interpretability would give
neuroscientists the opportunity to study the interaction among different parts of
brain as well as their contribution towards a specific emotion. Which is why, when
a model predicts an emotional state, it is important to understand not only whether
the prediction is correct, but also which EEG channels learned signal patterns that
contributed to that decision. Prior work on interpretable EEG has shown that neu-
ral networks that act as a black box limit neuroscientific usefulness as they may
classify EEG windows without actually revealing the neurophysiological evidence
behind their decisions [4]. Therefore, interpretability has been treated in this study
as a core design requirement rather than an optional step.

To address this interpretability issue, this study integrates a Kolmogorov-Arnold
Network (KAN)-based readout module after the SNN layer. KANs replace fixed
scalar weights or fixed node activations as seen in MLP with learnable univariate
functions on edges represented using spline functions [19]. This structure makes
KANs useful for modelling nonlinear relationships while offering a more explainable
view of learned transformations. In this study, the KAN module does not replace
the SNN, but stand as an interpretable readout mechanism that maps channel-wise
SNN features into class-wise contribution scores. In other words, the proposed model
combines spike-based temporal processing from SNNs with nonlinear interpretable
classification from KANs.

1.2 Rational of the Study or Motivation

The main rationale of this study is based on the need for an EEG emotion recogni-
tion model that is not only computationally efficient but also biologically motivated
and interpretable. Since EEG signals are temporal activity generated from the
brain, using a neural firing dynamics inspired model is suitable for this task. SNNs
provide this biological motivation by converting the EEG input signals into spikes
and processing them through membrane potential updates, allowing the model to
treat the problem as a temporal neural-processing task rather than a static feature-
classification problem. Another motivation is the connection between SNN and
neuromorphic computing. Traditional deep neural networks involve dense numeri-
cal operations, whereas SNNs can represent information through sparse spike events.
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As this event-driven style of computation could potentially support low-power pro-
cessing as opposed to currently used wearable EEG systems that are constrained
by device size and power consumption, even though the current study is limited
to software level experimentation, one of the motivations of this study is to look
towards a meaningful future direction to make the shift to power efficient neuromor-
phic hardware possible. Finally, the study is also motivated by the interpretability
problem in emotion recognition. DER-VREEG, the dataset used in this work, has
four emotion labels: happy, calm, scared and bored. The KAN readout is designed
to produce a four-dimensional class contribution vector with learnable coefficients
that can adapt while training to easily plot how each EEG channel pushes the model
towards predicting a certain emotion.

1.3 Problem Statement

EEG-based emotion recognition remains a difficult problem because EEG signals
are non-stationary, noisy, low-amplitude and highly variable across participants.
Contemporary deep-learning architectures can learn complex patterns from EEG
signals, but they often provide limited explanation of how individual EEG channels
contribute to emotion classification. This lack of explainability is problematic in
affective computing because a prediction alone is not sufficient, neuroscientists also
have to understand how different regions of the brain contribute to specific emotion
classes. Meanwhile, although SNNs are biologically inspired and suitable for tem-
poral modelling, their use in EEG emotion recognition poses additional challenges.
Continuous signals must first be converted into spike trains, and this conversion
might lose valuable signal information. Besides, after spike encoding and SNN pro-
cessing, the final output might become even harder to interpret. A simple linear
readout after the SNN can classify the extracted features, but it may not capture
nonlinear relationships between channel-specifi spike features and emotion classes
well enough.

Therefore, the central problem addressed in this study is:

How can an EEG emotion recognition model be designed using a biologi-
cally inspired SNN backbone while also providing interpretable channel-
wise class contributions through nonlinear KAN-based readout mecha-
nism?

This problem leads to three connected research needs. First, the model should
preserve the temporal nature of EEG windows through spike-based processing. Sec-
ond, the spike-encoding method should be logically explainable in relation to signal
saliency and spike latency. Third, the final classifier should provide channel-wise
contribution information so that the prediction can be treated beyond a completely
black-box decision.
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1.4 Objective

The primary objective of this study is to develop an interpretable EEG-based
emotion recognition framework using a Spiking Neural Network backbone and a
Kolmogorov-Arnold Network readout for channel-wise class contribution analysis.
The specific objectives are:

1. To preprocess the DER-VREEG dataset by handling missing values, organiz-
ing participant-wise recordings, normalizing EEG signals, and creating fixed-
length temporal windows fromt the four EEG channels used in the dataset.

2. To design an exponentially weighted latency-based spike encoding method that
converts continuous EEG windows into spike representations suitable for SNN
processing.

3. To implement an SNN backbone that processes the encoded spike trains using
membrane-potential dynamics and extracts temporal spike-based features.

4. To integrate a KAN-based readout module after the SNN layer, where each
EEG channel produces a four-dimensional contribution vector corresponding
to the four emotion classes.

5. To evaluate the proposed model on the four-class emotion recognition task:
Happy, Calm, Scared, and Bored.

6. To analyze the interpretability of the model by examining how the channel-
wise KAN readout contributes to class-level predictions.

1.5 Methodology in Brief

This study follows a structured workflow for EEG-based emotion recognition using
an SNN backbone with a KAN-based interpretable readout. The overall method-
ology is shown in Figure 1.1. The workflow begins with the DER-VREEG EEG
dataset, which contains four-channel wearable EEG recordings from TP9, AF7,
AF8, and TP10 for four emotional classes: Calm, Scared, Happy, and Bored.

The first stage of the methodology is preprocessing. This includes handling miss-
ing or invalid EEG values, applying participant-wise channel normalization, and
dividing the continuous EEG recordings into fixed-length temporal windows. These
steps prepare the raw EEG signals for model training while preserving the temporal
structure and channel identity of the data.

The second stage is spike encoding. Each preprocessed EEG window is converted
into a spike-based representation using threshold-based spike generation followed
by exponential latency weighting. This allows the continuous EEG window to be
represented in a form suitable for SNN processing, while maintaining a simple rela-
tionship between EEG activity, spike occurrence, and temporal weighting.
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The third stage is temporal feature extraction using the SNN backbone. The en-
coded spike-based input is processed through membrane-potential dynamics to ex-
tract channel-aware temporal features. These features are then passed to the KAN
readout. The KAN readout performs nonlinear classification and produces channel-
wise class contribution information, allowing the model to show how each EEG
channel contributes toward the four possible emotion classes.

The final stage is emotion prediction and evaluation. The model predicts one of
four classes: Calm, Scared, Happy, and Bored. Its performance is evaluated using
accuracy, F1-score, Cohen’s kappa, Matthews correlation coefficient, and confusion
matrix analysis. In addition, channel-wise contribution analysis is used to interpret
the decision behaviour of the KAN readout. A detailed explanation of the pre-
processing, spike encoding, SNN backbone, KAN readout, training procedure, and
evaluation process is provided in the methodology chapter.

Figure 1.1: High-level methodology of the proposed EEG emotion-recognition frame-
work. The workflow begins with the DER-VREEG EEG dataset, followed by pre-
processing, spike encoding, SNN-based temporal feature extraction, KAN readout,
emotion prediction, and final evaluation with interpretability analysis.

1.6 Scopes and Challenges

The scope of this study is limited to EEG-based four-class emotion recognition us-
ing the DER-VREEG dataset. The work focuses on the design and evaluation of an
SNN-based architecture with a KAN readout for interpretable channel-wise classifi-
cation. The four emotional states considered in this study are Calm, Scared, Happy,
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and Bored.

The study does not include real-time EEG acquisition, hardware-level neuromor-
phic deployment, or emotion intervention. The neuromorphic computing discussion
is used as a theoretical and future-oriented motivation for choosing SNNs, not as a
claim that the model has been implemented on neuromorphic hardware. Similarly,
the biological plausibility of the model is limited to its spike-based computational
inspiration; the model does not attempt to reproduce the full biological complexity
of the human brain.

Several challenges are associated with this study. Firstly, EEG data is prone to dras-
tic participant variability. EEG signals differ across individuals due to physiological
differences, electrode contact quality, head shape, emotional response differences,
and recording conditions. A model trained on some participants may not generalize
well to unseen participants. To reduce this issue, participant-wise normalization and
participant-aware train-validation-test splitting are important parts of the method-
ology. It also has to be kept in check so that the model does not fine tune too much
on the specific participants it was trained on, which would result in overfitting.

The second challenge is spike encoding. Since EEG signals are continuous-valued
but SNNs operate on spike events, the encoding stage strongly affects model perfor-
mance. A poorly designed encoding method may remove useful information before
the data reach the SNN. The exponentially weighted latency-based encoding method
is used to make this step more explainable, but encoding remains a sensitive design
choice.

The third challenge is SNN training. Spike functions are non-differentiable, mak-
ing ordinary backpropagation difficult. Surrogate-gradient methods help solve this
problem, but SNN training can still be unstable and sensitive to hyperparameters
such as threshold, decay factor, learning rate, and time-window length [8], [11].

The fourth challenge is interpretability. Although the KAN readout is introduced to
improve channel-wise explanation, interpretation must be done carefully. A higher
contribution from one EEG channel does not automatically mean that the corre-
sponding brain region alone caused the emotional state. Instead, the contribution
score should be understood as the model’s learned evidence from that channel for a
particular class.

Finally, the dataset size and channel count are limited. DER-VREEG uses only
four EEG channels, which makes the setup practical and wearable-oriented but
restricts spatial brain coverage. This affects the complexity of emotional patterns
that the model can learn. For this reason, the results should be interpreted as
an exploratory study on interpretable SNN-KAN modelling for low-channel EEG
emotion recognition rather than as a final generalized solution for all EEG-based
affect recognition tasks.
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Chapter 2

Literature Review

2.1 Preliminaries

This section introduces the theoretical and technical concepts required to under-
stand the proposed EEG emotion-recognition framework. The main concepts in-
clude EEG-based emotion recognition, the Kolmogorov–Arnold representation the-
orem, Kolmogorov–Arnold Networks, spline-based function approximation, Spiking
Neural Networks, and interpretability in EEG modelling.

2.1.1 EEG-Based Emotion Recognition

Electroencephalography (EEG) is a non-invasive technique used to record electri-
cal activity from the scalp. Since emotion is closely associated with neural and
physiological processes, EEG has become an important signal modality for affec-
tive computing and brain–computer interface research. Compared with external
behavioural signals such as facial expression, speech, or gesture, EEG has the ad-
vantage of measuring internal brain activity more directly. This makes EEG useful
for emotion recognition, especially when external emotional expressions are weak,
intentionally controlled, or affected by environmental conditions.

In EEG-based emotion recognition, the objective is to classify a person’s emotional
state from recorded EEG signals. Depending on the dataset and experimental de-
sign, emotions may be represented using discrete labels such as happy, calm, scared,
and bored, or using dimensional models such as valence and arousal.

2.1.2 Kolmogorov–Arnold Representation Theorem

The Kolmogorov–Arnold representation theorem provides an important mathemati-
cal foundation for representing multivariate continuous functions. In simplified form,
the theorem states that any continuous multivariate function can be represented as
a finite composition of continuous univariate functions and addition operations [1],
[2]. For a continuous function

f : [0, 1]n → R, (2.1)

the theorem states that it can be represented as

7



f(x1, x2, . . . , xn) =
2n+1∑
q=1

Φq

(
n∑

p=1

ϕq,p(xp)

)
, (2.2)

where x1, x2, . . . , xn are input variables, ϕq,p are inner univariate functions, and Φq

are outer univariate functions. The important idea is that a complex multivariate
function can be decomposed into combinations of one-dimensional functions.

This theorem is significant because it suggests that high-dimensional nonlinear map-
pings can be represented through sums and compositions of simpler one-dimensional
transformations. In machine learning, this idea motivates architectures that learn
nonlinear functions directly instead of relying only on fixed activation functions and
scalar weights.

2.1.3 Kolmogorov–Arnold Networks

Kolmogorov–Arnold Networks (KANs) are neural network architectures inspired by
the Kolmogorov–Arnold representation theorem. Unlike a conventional Multilayer
Perceptron (MLP), where scalar weights are placed on edges and fixed activation
functions are applied at nodes, KANs place learnable activation functions on the
edges of the network [19]. Therefore, each connection in a KAN does not simply
multiply an input by a scalar weight. Instead, it applies a learnable nonlinear func-
tion to the input.

For a standard linear layer followed by activation, an MLP layer can be written as

h = σ(Wx+ b), (2.3)

where W contains scalar weights, b is the bias vector, and σ is a fixed activation
function. In contrast, a KAN layer can be written as

yj =
d∑

i=1

ϕj,i(xi), (2.4)

where ϕj,i is a learnable univariate function associated with the connection between
input xi and output yj. This means that each edge learns how to transform its input
before contributing to the output.

The major advantage of this structure is interpretability. Since the edge functions
are explicit one-dimensional functions, they can be visualized and inspected. This
is useful in scientific machine learning because it allows researchers to examine how
individual input variables are transformed by the model. In this study, KAN is not
used as the main temporal feature extractor. Instead, it is used as a nonlinear and
interpretable readout after the SNN backbone.

2.1.4 Spline-Based Function Approximation in KAN

In practical KAN implementations, the learnable edge functions are often repre-
sented using splines. A spline is a piecewise polynomial function defined over a set
of intervals. Instead of learning an arbitrary continuous function directly, the model

8



learns a weighted combination of spline basis functions.

A learnable univariate function ϕ(x) can be approximated as

ϕ(x) =
M∑

m=1

cmBm(x), (2.5)

where Bm(x) represents the m-th spline basis function, cm is a learnable coefficient,
and M is the number of basis functions. The basis functions determine the shape
of the local polynomial pieces, while the coefficients control how strongly each basis
function contributes to the final learned curve.

For cubic B-splines, each basis function is a piecewise polynomial of degree three.
Cubic splines are commonly used because they provide smooth function approxima-
tion while remaining flexible enough to model nonlinear relationships. The learnable
coefficients are updated during training through gradient-based optimization. As a
result, the shape of ϕ(x) changes gradually so that the function becomes more suit-
able for the target classification task.

In the context of this research, the spline-based KAN idea is useful because EEG
emotion recognition involves nonlinear relationships between signal features and
emotional classes. However, the detailed channel-wise use of KAN in the proposed
architecture is not discussed in this chapter. That implementation-level explanation
is provided in the methodology chapter.

2.1.5 Spiking Neural Networks

Spiking Neural Networks (SNNs) are biologically inspired neural networks that pro-
cess information using discrete spike events. Unlike conventional artificial neural
networks, which pass continuous activations between layers, SNNs use membrane-
potential dynamics and spike-generation mechanisms. A common neuron model
used in SNNs is the Leaky Integrate-and-Fire (LIF) neuron.

A simplified membrane-potential update can be written as

Vt = αVt−1 + It, (2.6)

where Vt is the membrane potential at time t, α is the decay factor, and It is the
input current at time t. When the membrane potential crosses a threshold θ, the
neuron emits a spike:

St =

{
1, if Vt ≥ θ,

0, otherwise.
(2.7)

After a spike is generated, the membrane potential is usually reset or reduced. This
dynamic process allows SNNs to model temporal information through spike timing
and membrane accumulation.

SNNs are relevant to EEG emotion recognition for two reasons. First, EEG is a
temporal signal, and SNNs are naturally designed to process time-dependent spike
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sequences. Second, SNNs are biologically inspired, which makes them conceptually
suitable for modelling signals generated by brain activity. However, training SNNs
is challenging because the spike-generation function is non-differentiable. Surrogate-
gradient learning is commonly used to overcome this issue by approximating gradi-
ents during backpropagation [8], [11].

2.1.6 Interpretability in EEG Modelling

Interpretability is especially important in EEG-based research because EEG signals
are physiological measurements, not ordinary numerical features. A model that pre-
dicts an emotional state should ideally provide some information about which EEG
channels or signal patterns contributed to that prediction. In neuroscience-oriented
EEG analysis, high classification accuracy alone may be insufficient if the model
behaves as a black box.

Prior work has shown that interpretability can make EEG deep-learning models more
useful for understanding brain-signal patterns. Sturm et al. proposed interpretable
deep neural networks for single-trial EEG classification and showed that relevance-
based explanations can reveal signal regions used by the model [4]. Schirrmeister
et al. also demonstrated that deep ConvNets can be combined with visualization
techniques to support EEG decoding and brain mapping [5]. In EEG emotion recog-
nition specifically, channel-wise attention and relevant-channel analysis have been
used to study how different EEG electrodes contribute to emotional-state prediction
[15], [27].

Therefore, interpretability is treated in this study as a central design requirement.
The proposed model is not intended only to classify EEG windows. It is also designed
to provide channel-wise class contribution information through the KAN readout.

2.2 Review of Existing Research

This section reviews existing research related to the proposed study. The review
is organized into five groups: DER-VREEG and low-cost VR-EEG emotion recog-
nition, deep-learning approaches for EEG emotion recognition, channel-aware and
graph-based EEG emotion recognition, SNN-based EEG modelling, and KAN-based
or KAN-related neural architectures.

2.2.1 DER-VREEG and Low-Cost VR-EEG Emotion Recog-
nition

Suhaimi et al. introduced the DER-VREEG dataset for emotion recognition using
virtual reality and EEG [12]. Their study used VR stimuli to induce four emotional
states: happy, scared, calm, and bored. EEG signals were collected using a low-cost
wearable Muse headset with four electrodes: TP9, AF7, AF8, and TP10. The study
explored the feasibility of using a compact EEG headset together with immersive
VR stimuli for emotion recognition.
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The DER-VREEG study is directly relevant to this research because it provides the
dataset used in the proposed work. The original study evaluated several conven-
tional machine-learning classifiers, including KNN, SVM, FANN, DRF, GBM, and
Naive Bayes. Their results showed that emotion classification is possible even with
a low-channel wearable EEG device. The reported performance was strong, espe-
cially for inter-subject classification, where an SVM-based model achieved 85.01%
accuracy [12].

However, the original DER-VREEG work mainly focused on dataset creation, VR-
based emotion induction, feature-based classification, and comparison of traditional
machine-learning algorithms. It did not investigate biologically inspired spike-based
modelling, neuromorphic relevance, or KAN-based interpretability. Moreover, the
original work did not focus on channel-wise class contribution analysis. Therefore,
the DER-VREEG dataset provides a suitable foundation for this study, while the
proposed SNN-KAN approach explores a different modelling direction.

Another important consideration is the nature of the dataset. DER-VREEG was
collected using a low-cost wearable EEG device, which makes it suitable for prac-
tical and wearable-oriented emotion-recognition research. However, the dataset has
limited spatial coverage because it contains only four EEG channels. This means
that any model developed on this dataset should be interpreted carefully. The plus
side of this dataset, and the very reason why this dataset was chosen for our re-
search, is that emotions were elicited during EEG collection using VR technology,
which is more reliable than EEG elicited via videos displayed on a screen. The
goal of this study is therefore not to make broad claims about full-brain emotional
dynamics, but to explore interpretable low-channel EEG emotion recognition using
a biologically inspired SNN backbone and a KAN readout.

2.2.2 Deep-Learning Approaches for EEG Emotion Recog-
nition

Deep learning has been widely applied to EEG emotion recognition because of its
ability to learn nonlinear representations from complex EEG signals. Yang et al.
proposed a hierarchical network with subnetwork nodes for EEG-based emotion
recognition [7]. Their model used a hierarchical structure to classify emotional states
and showed that deep architectures can learn useful EEG representations. This work
is important because it moved beyond shallow classifiers and demonstrated the po-
tential of neural-network-based EEG emotion recognition.

However, hierarchical deep networks can still behave as black-box models. Although
they may improve classification performance, they do not necessarily provide clear
channel-wise explanations. In addition, many deep EEG models are designed mainly
for accuracy improvement rather than interpretability. This creates a gap for models
that can combine nonlinear learning with explicit channel-level contribution analysis.

Schirrmeister et al. proposed deep ConvNets for EEG decoding and visualization
[5]. Their work is not limited to emotion recognition, but it is important for EEG
deep learning because it showed that deep neural networks can be used not only for
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decoding but also for visualizing learned EEG patterns. This supports the argument
that EEG models should be evaluated not only by prediction accuracy but also by
their ability to reveal meaningful signal patterns.

Lawhern et al. introduced EEGNet, a compact convolutional neural network for
EEG-based brain–computer interfaces [6]. EEGNet is important because it uses an
EEG-specific architecture and demonstrates that compact models can perform well
across BCI tasks. Although EEGNet is not the main model used in this study, it
supports the broader idea that EEG architectures should be designed with signal
structure and practical constraints in mind.

Overall, deep-learning studies show that neural networks can improve EEG decod-
ing, but many of them still require additional mechanisms for interpretability. The
proposed study addresses this issue by placing a KAN-based readout after the SNN
backbone so that the model can produce channel-wise class contribution informa-
tion.

2.2.3 Channel-Aware and Graph-Based EEG Emotion Recog-
nition

EEG signals are spatially structured because each channel corresponds to a spe-
cific electrode location on the scalp. For this reason, many recent EEG emotion-
recognition models attempt to capture channel relationships, spatial dependencies,
and electrode-level importance.

Tao et al. proposed an EEG-based emotion-recognition model using channel-wise
attention and self-attention [15]. Their work is highly relevant to this study because
it explicitly treats EEG channels as having different importance for emotion recog-
nition. The channel-wise attention mechanism allows the model to assign different
weights to different electrodes, while self-attention helps capture relationships within
the learned representation. This supports the idea that channel-level information is
meaningful in EEG emotion recognition.

However, attention weights are not always straightforward to interpret as direct
causal explanations. They can indicate relative importance within the model, but
they do not necessarily show an explicit nonlinear function from channel-specific
features to class-specific evidence. In contrast, the proposed KAN readout is de-
signed to generate channel-wise class contribution vectors, making the contribution
structure more direct at the output level.

Jin et al. proposed PGCN, a Pyramidal Graph Convolutional Network for EEG
emotion recognition [17]. Their method models EEG electrode relationships at mul-
tiple levels: local, mesoscopic, and global. This is important because EEG channels
are not independent; emotional processing may involve relationships across different
brain regions. PGCN addresses the limitation of shallow graph convolutional net-
works, which may capture only local electrode relationships, and the over-smoothing
problem that can occur when too many graph convolutional layers are stacked.
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PGCN is a strong example of spatially aware EEG emotion recognition. However,
it is mainly focused on graph-based spatial relationship modelling. The proposed
study has a different focus. Since DER-VREEG contains only four EEG channels,
constructing a complex multi-level graph structure may not be as meaningful as in
datasets with many electrodes. Instead, this study focuses on temporal spike-based
processing and channel-wise contribution analysis using a KAN readout.

Valderrama and Sheoran investigated relevant EEG channels for subject-independent
emotion recognition using attention network layers [27]. Their work further supports
the importance of identifying which EEG channels contribute most to emotion recog-
nition. This is closely aligned with the interpretability goal of the present study.
However, there is a subtle difference that their work does not explicitly show how a
specific channel reacts to a specific emotion.

Taken together, channel-aware and graph-based studies show that EEG emotion
recognition benefits from modelling electrode-level information. These works moti-
vate the channel-wise interpretability component of the proposed model. However,
most existing models do not combine channel-wise output contribution analysis with
biologically inspired spike-based temporal processing.

2.2.4 Spiking Neural Networks for EEG and Emotion-Related
Recognition

Spiking Neural Networks have gained attention because they process information
using spike events and membrane-potential dynamics. Their biological inspiration
makes them conceptually suitable for EEG modelling, where the input signal itself
reflects brain electrical activity. SNNs are also relevant to neuromorphic comput-
ing, where event-driven processing can potentially support low-power and real-time
applications.

Li et al. proposed a fractal spiking neural network scheme for EEG-based emotion
recognition [13]. This work is directly related to the present study because it uses
SNNs for EEG emotion recognition. The fractal SNN approach shows that spike-
based models can be applied to affective EEG tasks and supports the suitability of
SNNs for emotion-recognition research.

However, the fractal SNN study mainly focuses on improving emotion-recognition
performance through a spiking architecture. It does not address KAN-based read-
out interpretability or explicit channel-wise class contribution analysis. Therefore,
while it supports the use of SNNs in EEG emotion recognition, it does not solve the
interpretability problem targeted in the present study.

Joshi et al. studied EEG-based stress detection using Spiking Neural Networks and
Convolutional Spiking Neural Networks [22]. Although this work focuses on stress
detection rather than four-class emotion recognition, it is relevant because stress de-
tection is also an affective-state recognition problem using EEG. Their work shows
that SNN and CSNN models can be effective for EEG signal classification. It also
supports the idea that spike-based architectures are becoming increasingly relevant
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in EEG-based mental-state analysis.

More broadly, SNN research has shown that spike-based neural networks can pro-
cess temporal information through biologically inspired mechanisms [3], [10]. How-
ever, training SNNs remains difficult because spike functions are non-differentiable.
Surrogate-gradient methods have become a common solution for training SNNs us-
ing backpropagation-like optimization [8], [11]. These methods are important for the
proposed study because the SNN backbone requires trainable spike-based processing.

The key limitation in existing SNN-based EEG research is that interpretability is
often secondary to classification performance. Existing SNN studies demonstrate
biological motivation and temporal processing ability, but they do not fully explain
how each EEG channel contributes to each predicted emotional class. This motivates
the integration of a KAN readout in the present study.

2.2.5 Kolmogorov–Arnold Networks and Their Relevance
to EEG Modelling

Kolmogorov–Arnold Networks (KANs) were introduced by Liu et al. as an alterna-
tive to conventional multilayer perceptrons [25]. Unlike MLPs, where scalar weights
are applied between neurons and fixed activation functions are placed at nodes,
KANs use learnable univariate functions on network edges. These functions are
commonly parameterized using splines. Liu et al. reported that this design can
improve both function approximation and interpretability, since the learned edge
functions can be visualized and inspected directly [25]. This property makes KANs
especially relevant for scientific and biomedical machine learning, where understand-
ing the learned relationship between input features and output decisions is often as
important as prediction accuracy.

Recent studies have started applying KANs to EEG and biosignal modelling. Con-
treras et al. proposed KAN–EEG for epileptic seizure detection, where KAN was
used as a replacement for the conventional MLP backbone in an EEG classification
system [21]. Their results suggest that KANs can be effective for EEG classification
and may provide a useful alternative to MLP-based classifiers. However, this work
focused on seizure detection rather than emotion recognition. It also did not inves-
tigate spike-based temporal processing or SNN-based biological plausibility.

KANs have also been explored specifically for EEG emotion recognition. Ping et
al. proposed KAN-GCNN, a Kolmogorov–Arnold Network-enhanced Graph Con-
volutional Neural Network for EEG-based emotion recognition [26]. Their method
integrates KAN with graph convolution to improve nonlinear feature modelling in
EEG emotion recognition. This paper is important because it shows that KAN is
already being applied to the same general task area as the present study: EEG-
based emotion recognition. However, KAN-GCNN follows a graph-convolutional
modelling direction that focuses mostly on spatial dynamics. It does not use an
SNN backbone, spike encoding, membrane-potential dynamics, temporal dynamics
or neuromorphic motivation. Therefore, it supports the relevance of KAN for EEG
emotion recognition, while also showing that the proposed SNN-KAN direction re-
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mains distinct.

A small number of recent works have also explored combinations of KANs and
SNNs outside EEG emotion recognition. Krutsylo et al. presented hybrid Spiking–
Kolmogorov–Arnold Networks, including a KAN-readout SNN that replaces the
standard linear readout with a spline-based KAN readout, and a KAN-integrated
SNN that inserts spline transformations inside spiking layers [23]. This is closely
related to the design logic of the present study because it shows that using KAN as
a readout after an SNN is an emerging architectural direction. However, their work
was not focused on EEG or emotion recognition. Similarly, Ghadekar et al. proposed
a multimodal learning framework combining SNNs and KANs with modified SHAP
visualization [20]. This supports the broader idea that SNN–KAN hybrid models
can be combined with interpretability methods, but the study is not specifically de-
signed for EEG emotion recognition. Another recent preprint, E-SKAN, introduced
an event-driven spiking KAN architecture intended to bridge SNN efficiency and
KAN expressiveness [28]. Since it is a preprint, it should be treated as emerging
evidence rather than established literature.

These studies clarify the research position of the present work. It would not be
accurate to claim that KAN has never been used for EEG, because KAN–EEG and
KAN-GCNN already demonstrate KAN-based EEG applications. It would also not
be accurate to claim that KAN and SNN have never been combined, because recent
hybrid SNN–KAN studies exist. However, the reviewed literature suggests that the
specific combination targeted in this study remains underexplored: EEG emotion
recognition using spike-based temporal processing through an SNN backbone to-
gether with a KAN-based readout for interpretable channel-wise class contribution
analysis. Therefore, the novelty of this research is not simply the use of KAN or
SNN alone, but the way KAN is used as an interpretable readout after biologically
inspired SNN processing for low-channel EEG emotion recognition.

2.2.6 Research Gap

The reviewed studies show that EEG emotion recognition has been approached from
several directions. Traditional machine-learning studies, such as the original DER-
VREEG work, show that low-cost wearable EEG can be used for four-class emotion
recognition. Deep-learning studies show that neural networks can learn complex
EEG representations. Channel-wise attention and graph-based models show that
electrode-level relationships and channel importance are important for EEG emo-
tion recognition. SNN-based studies show that spike-based models are suitable for
EEG and affective-state recognition. KAN-based studies show that learnable non-
linear edge functions can support flexible and interpretable modelling.

However, several gaps remain. First, many EEG emotion-recognition models focus
mainly on classification performance and provide limited explanation of channel-
wise class evidence. Second, SNN-based EEG models are biologically inspired but
are often not designed with explicit output-level interpretability. Third, KAN-based
EEG models are emerging, but their integration with SNNs for interpretable EEG
emotion recognition remains limited. Fourth, the DER-VREEG dataset has been
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studied using traditional machine-learning classifiers, but not sufficiently explored
using a biologically inspired SNN architecture with KAN-based channel-wise inter-
pretability.

Therefore, this study addresses the following gap: existing EEG emotion-recognition
studies have explored deep learning, graph modelling, attention mechanisms, SNNs,
and KANs separately, but there is limited work on combining SNN-based temporal
spike processing with a KAN readout that provides channel-wise class contribution
information for low-channel EEG emotion recognition.

2.3 Summary of Key Findings

The literature review leads to several key findings that guide the proposed research.

First, the DER-VREEG dataset is appropriate for this study because it provides low-
cost wearable EEG recordings for four emotional states: Calm, Scared, Happy, and
Bored recorded under a VR environment. The original DER-VREEG study demon-
strated that four-class emotion recognition is possible using traditional machine-
learning methods. However, it did not investigate SNN-based temporal modelling
or KAN-based interpretability.

Second, deep-learning models such as hierarchical networks, CNN-based EEG de-
coders, attention models, and graph neural networks have improved EEG emotion
recognition by learning complex spatial, temporal, or channel-aware representations.
However, many of these models remain difficult to interpret, especially when trying
to understand how individual EEG channels support a particular class prediction.

Third, channel-aware studies show that different EEG electrodes contribute differ-
ently to emotion recognition. This supports the design decision of treating channel-
wise contribution as an important part of the proposed model. Since the DER-
VREEG dataset contains only four EEG channels, each channel has high impor-
tance, and the model should preserve channel-level interpretability.

Fourth, SNNs are suitable for this research because they provide biologically inspired
temporal processing through spike events and membrane-potential dynamics. This
aligns conceptually with EEG as a brain-generated electrical signal and with neuro-
morphic computing principles. However, existing SNN-based EEG studies generally
emphasize classification performance more than interpretable channel-wise class con-
tribution.

Fifth, KANs provide a useful readout mechanism because they use learnable nonlin-
ear functions that can be inspected more directly than ordinary scalar weights. This
makes them suitable for modelling nonlinear relationships between SNN-extracted
EEG features and emotion classes.

Based on these findings, the proposed study uses an SNN backbone for spike-
based temporal EEG processing and a KAN readout for nonlinear classification and
channel-wise interpretability. It explores a direction complementary to the key find-
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ings: biologically inspired, low-channel EEG emotion recognition with interpretable
channel-wise class contribution analysis.
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Chapter 3

Requirements, Impacts and
Constraints

3.1 Final Specifications and Requirements

This project focuses on EEG-based emotion recognition using a biologically inspired
Spiking Neural Network (SNN) backbone and an interpretable Kolmogorov–Arnold
Network (KAN) readout. The final system is designed as a research prototype rather
than a deployable clinical or commercial product. Therefore, the main requirements
are methodological, computational, and experimental.

The first requirement is the availability of a suitable EEG dataset. This study uses
the DER-VREEG dataset, which contains EEG recordings collected using a Muse
headset with four channels: TP9, AF7, AF8, and TP10. The dataset includes four
emotional classes: Calm, Scared, Happy, and Bored [12]. Since this work uses an
existing dataset, no new EEG data collection or participant recruitment is required.

The second requirement is proper preprocessing of EEG data. The raw EEG record-
ings must be cleaned by handling missing values, preserving temporal order, nor-
malizing signal values, and generating fixed-length EEG windows. These steps are
necessary because EEG signals are noisy, participant-dependent, and sensitive to
scale differences across channels and individuals.

The third requirement is the design of a spike-encoding method. Since SNNs process
spike trains rather than ordinary continuous values, the EEG windows must be con-
verted into spike-based representations. In this project, an exponentially weighted
latency-based encoding strategy is used so that the model can represent EEG win-
dows in a temporally meaningful spike format.

The fourth requirement is the implementation of the proposed learning architecture.
The model must include an SNN backbone for temporal spike-based processing and
a KAN readout for nonlinear classification and channel-wise interpretability. The
KAN readout should support the analysis of how each EEG channel contributes to
the four emotion classes.

The fifth requirement is an appropriate evaluation strategy. The model is evaluated
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using classification metrics such as accuracy, macro F1-score, weighted F1-score, Co-
hen’s kappa, Matthews correlation coefficient, and confusion matrix analysis. Since
EEG emotion recognition is sensitive to participant variability, the evaluation should
avoid data leakage and should be reported honestly, including both strengths and
limitations.

The software requirements of the project include Python, common scientific com-
puting libraries such as NumPy and Pandas, machine learning libraries such as
Scikit-learn, and deep learning frameworks such as PyTorch and SnnTorch. Addi-
tional libraries may be used for visualization, metric calculation, and result analysis.
The project does not require paid software licenses, as it can be implemented using
open-source tools.

3.2 Societal Impact

The project contributes to the broader field of affective computing, where the goal
is to develop systems that can recognize or respond to human emotional states.
Emotion-aware systems may eventually support applications in education, virtual
reality, human–computer interaction, mental-health research, driver monitoring, and
assistive technologies. For example, adaptive learning systems may respond to frus-
tration, and immersive environments may adjust their content according to user
engagement or discomfort.

The societal contribution of this project is mainly research-oriented. It does not
produce a commercial emotion-recognition system, but it investigates whether an
SNN-based model with a KAN readout can support interpretable EEG emotion
recognition. This may help future researchers design models that are not only ac-
curate but also more transparent in terms of channel-wise contribution.

The project may also have long-term relevance for health-related technologies. EEG-
based emotion recognition could contribute to future mental-health monitoring,
stress analysis, and affective brain–computer interface systems. However, this study
does not diagnose mental illness, measure clinical conditions, or provide medical rec-
ommendations. Its contribution is limited to emotion-classification research using
an existing EEG dataset.

There are also possible negative societal implications. Emotion recognition tech-
nology can be misused for emotional surveillance, workplace monitoring, targeted
advertising, or behavioural profiling. Such applications may reduce personal au-
tonomy and privacy. Therefore, any future use of EEG-based emotion recognition
should be carefully regulated and should involve informed consent, transparency,
and human oversight.

Another societal concern is over-reliance on automated emotional assessment. Hu-
man emotions are complex, and no machine learning model can fully understand
a person’s emotional state. A model may classify EEG patterns associated with a
label, but this should not be treated as a definitive judgment about the person’s
inner experience. Therefore, emotion-recognition outputs should be interpreted as
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probabilistic model predictions rather than absolute emotional truth.

3.3 Environmental Impact

The direct environmental impact of this project is relatively small because it is a
software-based academic study using an existing dataset. No new EEG headset,
VR equipment, laboratory setup, or participant experiment is required for this the-
sis. Reusing the DER-VREEG dataset reduces the need for additional experimental
data collection and supports sustainable research practice by extracting further value
from already collected data.

The main environmental cost of the project comes from computational energy con-
sumption. Model development requires repeated preprocessing, training, testing,
hyperparameter adjustment, and result analysis. These computational processes
consume electricity. Although the scale of this thesis is small compared with large
industrial AI systems, the environmental cost of computation should still be ac-
knowledged.

The use of SNNs provides a relevant future sustainability direction. SNNs are often
associated with event-driven processing and neuromorphic computing, which may
support energy-efficient AI implementations in the future [9]. However, since this
project is implemented on conventional computing hardware rather than neuromor-
phic hardware, it would be inappropriate to claim direct energy savings. But the
fact remains that the model design is conceptually aligned with future low-power
EEG processing systems.

The broader field of EEG and VR research also depends on electronic devices such
as headsets, sensors, computers, and display equipment. The manufacturing, main-
tenance, and disposal of such devices can contribute to environmental burdens and
electronic waste. This project does not directly produce such hardware waste, but
responsible use of existing equipment and proper electronic waste management re-
main important considerations for the wider field.

3.4 Ethical Issues

The most important ethical issue in this project is the sensitivity of EEG and emo-
tional data. EEG signals are generated from brain activity, and although they cannot
read thoughts, they may still reveal information related to cognitive or emotional
states. Since this study aims to classify emotions such as Calm, Scared, Happy, and
Bored, the data should be treated as sensitive human-subject information.

Informed consent is another important ethical consideration. The DER-VREEG
dataset was collected by the original researchers using VR-based emotional stimu-
lation. Participants in such studies should be informed about the purpose of the
experiment, the type of EEG data collected, the emotional nature of the stimuli,
and their right to withdraw. Although this thesis does not collect new participant
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data, it depends on ethically collected existing data.

The use of VR to induce emotions also raises psychological safety concerns. Some
emotional stimuli, especially those designed to induce fear or discomfort, may cause
temporary stress, anxiety, dizziness, or motion sickness. These concerns are more
directly relevant to the original data collection process than to the present secondary
analysis, but they remain important when discussing the ethical context of VR-based
emotion recognition.

Another ethical issue is the risk of misinterpretation. A machine learning model
may classify a signal as “Scared” or “Bored”, but this does not mean that the
model fully understands the participant’s subjective emotional experience. There-
fore, results should be communicated carefully and should not be exaggerated as
mind-reading or clinical emotional diagnosis.

Bias and fairness are also relevant. EEG responses may vary according to par-
ticipant characteristics, cultural background, emotional interpretation, neurological
differences, and recording conditions. A model trained on one dataset may not gen-
eralize equally well to all populations. Therefore, this study avoids universal claims
and treats its findings as dataset-specific.

Professional responsibility requires honest reporting of results, proper citation of
data and prior work, transparent documentation of preprocessing and model design,
and clear communication of limitations. Therefore, this study reports both success-
ful and unsuccessful findings and avoids presenting the model as more reliable or
generalizable than the evidence supports.

3.5 Standards

This project does not implement a medical device, clinical diagnostic system, or
commercial EEG product. Therefore, no hardware safety or clinical certification
standard is directly applied. However, several professional and ethical standards are
relevant to the research process.

The first relevant standard is IEEE 7000-2021, which provides a model process for
addressing ethical concerns during system design. This standard is relevant because
the project involves emotion-related AI and sensitive EEG data. Its emphasis on
ethical values, stakeholder concerns, transparency, and traceability supports the re-
sponsible design of human-centered AI systems.

The second relevant framework is the ACM Code of Ethics and Professional Con-
duct. This study follows the general principles of honesty, privacy protection, avoid-
ance of harm, proper credit to original work, and responsible communication of
system limitations. These principles are important because the work uses human-
related data and machine learning predictions.

From a technical reporting perspective, the project also follows standard machine-
learning research practices: clear dataset description, preprocessing documentation,
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proper train-validation-test separation, use of appropriate evaluation metrics, and
reproducible reporting of experimental settings.

3.6 Project Management Plan

The project management plan is organized around the main stages of a research-
based machine learning thesis. Since the project uses an existing dataset and open-
source software, the main resources are time, computing capacity, literature support,
and careful documentation.

Table 3.1: Project Management Plan

Phase Main Activities Deliverables
Literature Re-
view

Study EEG emotion recognition, SNNs,
KANs, interpretability, DER-VREEG,
and related models.

Chapter 2 draft
and reference list

Dataset Prepara-
tion

Load dataset, inspect structure, handle
missing values, normalize signals, and cre-
ate EEG windows.

Cleaned dataset
and preprocess-
ing pipeline

Model Design Design spike encoding, SNN backbone,
and KAN readout.

Final architec-
ture description

Implementation Implement preprocessing, training, evalu-
ation, and visualization code.

Working model
code

Experimentation Train baseline and proposed models, col-
lect performance metrics, and analyze re-
sults.

Accuracy, F1-
score, MCC,
kappa, confusion
matrix

Interpretability
Analysis

Analyze channel-wise class contribution
from KAN readout.

Interpretability
figures and dis-
cussion

Report Writing Prepare introduction, literature review,
methodology, results, limitations, and
conclusion.

Final thesis re-
port

Final Review Check formatting, references, grammar,
figures, and consistency.

Submission-
ready report

The estimated schedule follows a compact thesis workflow. Literature review and
dataset understanding are completed first, followed by preprocessing and model de-
velopment. Experimental evaluation and report writing are performed in parallel
after the core model is implemented. Final revision focuses on consistency, format-
ting, and clear presentation of limitations.

The resource plan includes open-source Python libraries, the DER-VREEG dataset,
LaTeX-based report preparation, and reference-management tools. Since no new
data collection is performed, the project does not require participant compensation,
laboratory booking, or EEG/VR equipment purchase.
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3.7 Risk Management

Several risks may affect the project. These risks are mainly related to dataset limi-
tations, model performance, time constraints, interpretability, and reproducibility.

Table 3.2: Risk Management Plan

Risk Possible Impact Mitigation Strategy
Small number of
EEG channels

Limits spatial brain coverage
and channel relationship mod-
elling.

Focus on low-channel wearable
EEG and channel-wise contri-
bution analysis.

Overfitting Model may learn dataset-
specific patterns instead of
generalizable features.

Use proper train-validation-
test split, regularization, and
careful evaluation.

Spike encoding
information loss

Useful EEG information may
be lost during conversion to
spikes.

Use explainable encoding and
discuss encoding limitations.

Interpretability
overclaim

Channel contribution may be
misread as causal brain expla-
nation.

Describe contribution as
model-level evidence, not
biological causality.

Reproducibility
issues

Results may be difficult to ver-
ify without clear documenta-
tion.

Document preprocessing,
model settings, metrics, and
experimental configuration.

The most important mitigation strategy is honest scope control. This project should
not claim to solve EEG emotion recognition universally. Instead, it should be
presented as a research exploration of interpretable SNN-KAN modelling for low-
channel EEG emotion recognition.

3.8 Economic Analysis

The economic analysis of this project should be understood in the context of an
academic research prototype rather than a commercial product. The project does
not generate direct financial revenue. Its value lies in knowledge creation, method-
ological exploration, and contribution to EEG-based affective computing research.

A major economic advantage is the use of an existing dataset. Collecting a new
EEG-VR emotion dataset would require EEG headsets, VR equipment, laboratory
space, participant recruitment, ethical approval procedures, researcher time, and
possibly participant compensation. By using the DER-VREEG dataset, the project
avoids these costs and becomes financially feasible within a student research setting.

The main cost of the project is computational. Training and evaluating machine
learning models require electricity and computing resources. However, because the
dataset is relatively small and the project is conducted at thesis scale, the cost is
modest compared with large-scale AI research. The use of open-source software
further reduces financial burden because no paid licenses are required.
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Table 3.3: Estimated Cost Components

Cost Component Estimated Cost Consideration
Dataset No direct cost because an existing dataset is

used.
EEG and VR equip-
ment

No purchase required for this thesis because no
new data collection is performed.

Software No direct licensing cost if open-source Python
and LaTeX tools are used.

Computation Low to moderate electricity/computing cost de-
pending on training repetitions.

Researcher time Main investment; includes literature review,
coding, analysis, and report writing.

Documentation and
publication prepara-
tion

Minimal direct cost; mainly time and format-
ting effort.

The benefit of the project is mainly indirect. It may help future researchers under-
stand the strengths and limitations of combining SNNs and KANs for EEG emotion
recognition. It may also provide insight into channel-wise interpretability for low-
channel EEG systems. These findings can reduce future research effort by identifying
useful modelling directions and limitations.

In the long term, emotion-recognition technologies may have economic value in
education, healthcare research, virtual reality, user-experience design, and human–
computer interaction. However, such applications are beyond the scope of this thesis
and should be treated as future possibilities rather than immediate outcomes.

Overall, the project has a favourable cost-benefit balance for an academic study.
The financial cost is low because it uses existing data and open-source tools, while
the potential research value is meaningful because it explores an interpretable and
biologically inspired approach to EEG emotion recognition.
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Chapter 4

Proposed Methodology

4.1 Design Process or Methodology Overview

This chapter presents the design and implementation methodology of the proposed
EEG-based emotion-recognition framework. The main objective of the design is to
classify four emotional states, namely Calm, Scared, Happy, and Bored, from low-
channel EEG recordings while maintaining biological motivation and channel-wise
interpretability. The proposed framework combines three major components: pre-
processing of raw EEG signals, spike-based temporal processing using a Spiking Neu-
ral Network (SNN), and nonlinear interpretable classification using a Kolmogorov–
Arnold Network (KAN) readout.

The overall design process is guided by the objectives and constraints identified in the
previous chapters. Since EEG signals are temporal, noisy, participant-dependent,
and low-dimensional in the DER-VREEG dataset, the methodology must preserve
temporal order, reduce scale variation, avoid data leakage between participants, and
provide a meaningful explanation of the model’s decision. The use of an SNN is
motivated by the temporal and biologically inspired nature of spike-based compu-
tation, while the KAN readout is used to improve interpretability by estimating
channel-wise class contributions.

The proposed methodology follows the sequence below:

1. Load the DER-VREEG EEG dataset containing raw EEG recordings from
TP9, AF7, AF8, and TP10 channels.

2. Clean the dataset by handling missing and invalid EEG values.

3. Preserve participant-wise and class-wise temporal order.

4. Normalize EEG signals to reduce channel-scale and participant-scale variation.

5. Segment the continuous EEG recordings into fixed-length temporal windows.

6. Convert each EEG window into spike trains using exponentially weighted
latency-based spike encoding.

7. Process the encoded spike trains using an SNN backbone.
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8. Extract channel-aware SNN features from the final membrane or spike-based
responses.

9. Pass the channel-wise SNN features into a KAN readout.

10. Produce channel-wise four-dimensional class contribution vectors.

11. Combine channel-wise contributions to generate final emotion logits.

12. Apply softmax classification and evaluate the predicted emotion class.

The high-level flow of the proposed methodology can be summarized as:

Raw EEG→ Preprocessing→Windowing→ Spike Encoding

→ SNN Backbone→ KAN Readout→ Emotion Prediction.
(4.1)

The main design idea is that the SNN learns temporal spike-based representa-
tions from EEG windows, while the KAN readout learns nonlinear mappings from
channel-wise SNN features to emotion-class contributions. This design allows the
final prediction to be decomposed according to EEG channels, which supports in-
terpretability.

4.2 Preliminary Design or Design (Model) Spec-

ification

Before finalizing the proposed architecture, multiple alternative modelling directions
were considered. The alternatives were selected based on three major criteria: suit-
ability for EEG temporal modelling, ability to work with a low-channel dataset, and
capacity to provide interpretable output.

4.2.1 Alternative Design 1: Conventional Machine Learning

The first possible design was a conventional machine-learning pipeline. In this de-
sign, statistical or handcrafted features would be extracted from EEG windows and
classified using models such as Support Vector Machine, Random Forest, K-Nearest
Neighbours, or Gradient Boosting. This direction is consistent with the original
DER-VREEG study, where several traditional classifiers were evaluated [12].

The advantage of this design is simplicity. It is computationally inexpensive and
easier to implement. However, it has two major limitations for the present research.
First, handcrafted features may fail to preserve the temporal dynamics of EEG win-
dows. Second, conventional classifiers do not naturally provide biologically inspired
spike-based modelling or channel-wise nonlinear contribution analysis. Therefore,
this design was not selected as the final architecture.
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4.2.2 Alternative Design 2: Conventional Deep Neural Net-
work

The second possible design was a conventional deep-learning model such as a Multi-
layer Perceptron (MLP), Convolutional Neural Network (CNN), or recurrent model.
These models can learn nonlinear EEG representations and have been widely used
in EEG emotion-recognition research. However, they usually process information
through continuous activations rather than spike events. As a result, they do not di-
rectly support the biological plausibility and neuromorphic motivation of this study.

Another limitation is interpretability. Although attention or visualization methods
can be added to deep models, a standard dense classifier does not automatically
provide channel-wise class contribution vectors. Since interpretability is a central
requirement of this research, a conventional deep network alone was not selected.

4.2.3 Alternative Design 3: Plain SNN with Linear Readout

The third design was a plain SNN model followed by a standard linear classifier.
This design supports biologically inspired temporal processing and can handle spike-
encoded EEG windows. The SNN converts spike sequences into temporal hidden
states or membrane features, and the linear readout maps those features to four
emotion classes.

This design is useful as a baseline because it tests whether spike-based temporal
processing alone is sufficient for the task. However, the linear readout has limited
nonlinear modelling capacity and provides weak interpretability. It produces final
class logits directly, without showing how individual EEG channels contribute to
each class. Therefore, although the plain SNN is important for comparison, it does
not fully satisfy the interpretability objective.

4.2.4 Alternative Design 4: KAN Encoder with SNN

Another possible design was to place a KAN module before spike encoding. In this
structure, the KAN would transform raw or normalized EEG channel values before
converting them into spikes. This design could improve adaptive channel calibration
before spike generation. However, it also increases architectural complexity without
adding much value, and given the relatively small size of the dataset, it had lower
validation accuracy. In other words, the model overfits as the KAN encoder fits the
input EEG values too well, resulting in poor generalization.

Furthermore, the final chosen direction emphasizes interpretability at the decision
level. For this reason, the KAN component is placed after the SNN, where it can
directly map channel-wise SNN features into class-wise contribution scores.

4.2.5 Selected Design: SNN Backbone with KAN Readout

The selected design uses an SNN backbone followed by a KAN-based readout. This
design was selected because it satisfies the two main goals of the project:
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1. It uses spike-based temporal processing through an SNN, which supports the
biological and neuromorphic motivation of the study.

2. It uses a KAN readout to generate nonlinear channel-wise class contribution
scores, supporting interpretability.

The selected model can be written conceptually as:

ŷ = fKAN (fSNN (E(X))) , (4.2)

where X is the preprocessed EEG window, E(·) is the spike-encoding function,
fSNN(·) is the SNN temporal feature extractor, and fKAN(·) is the KAN readout
classifier.

4.2.6 Input Representation

Let one EEG window be represented as:

X ∈ RT×C , (4.3)

where T is the number of time steps in the window and C is the number of EEG
channels. In this thesis,

C = 4, (4.4)

corresponding to the four DER-VREEG EEG channels:

{TP9, AF7, AF8, TP10}. (4.5)

Each window can therefore be written as:

X =


x1,TP9 x1,AF7 x1,AF8 x1,TP10

x2,TP9 x2,AF7 x2,AF8 x2,TP10
...

...
...

...
xT,TP9 xT,AF7 xT,AF8 xT,TP10

 . (4.6)

Here, xt,c represents the normalized EEG value at time step t for channel c.

4.2.7 Exponential Latency-Based Spike Encoding

Since SNNs process spike events rather than ordinary continuous values, each nor-
malized EEG window must be converted into a spike-based representation. In this
study, an exponentially weighted latency-based encoding scheme is used. The pur-
pose of this design is to convert EEG activity into binary spike events while giving
higher importance to earlier spike occurrences within a temporal window.

Let x̃t,c represent the normalized EEG value at time step t for channel c, where
t = 0, 1, . . . , T − 1. A binary spike is generated by comparing the normalized EEG
value with an encoding threshold θe:

st,c =

{
1, if x̃t,c ≥ θe,

0, otherwise.
(4.7)
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Here, st,c = 1 indicates that the EEG activity at time step t and channel c is strong
enough to produce a spike, while st,c = 0 indicates no spike. The complete spike-
encoded window is therefore represented as:

S ∈ {0, 1}T×C , (4.8)

where T is the window length and C is the number of EEG channels.

To introduce latency-sensitive behaviour, an exponential temporal weighting term
is applied to the generated spikes:

wt = e−λt, (4.9)

where λ is the decay parameter. Since wt decreases as t increases, spikes occur-
ring earlier in the window receive higher importance than spikes occurring later in
the same window. This produces a simple latency-inspired interpretation: earlier
threshold-crossing events are treated as stronger evidence for the SNN input.

For each EEG channel, the exponentially weighted spike activity is summarized as:

Ic =
T−1∑
t=0

e−λtst,c. (4.10)

The resulting encoded current vector for one EEG window is:

I = [ITP9, IAF7, IAF8, ITP10]. (4.11)

This vector is then used as the input current to the SNN backbone. The reasoning
behind this design is that the EEG signal is first normalized to remove scale effects,
then converted into discrete spike events through thresholding, and finally weighted
according to spike timing. Therefore, the encoder preserves a clear and explainable
relationship between signal intensity, spike occurrence, and latency-sensitive SNN
input. Compared with using raw continuous EEG values directly, this representation
is more consistent with the spike-based processing principle of SNNs.

4.2.8 SNN Backbone

The encoded EEG spike train is passed into the SNN backbone. In the proposed
architecture, the SNN backbone is designed to preserve channel-wise interpretability
while also allowing cross-channel interaction learning. Therefore, the model contains
four channel-specific SNN branches, one for each EEG channel, and one additional
interaction branch that receives all channels jointly. Let the encoded spike vector
at time t be denoted as:

St = [St,TP9, St,AF7, St,AF8, St,TP10]
T , (4.12)

where St,c denotes the encoded spike value of channel c at time t. The four channel-
wise SNN branches process the spike sequence of each EEG channel separately.
This preserves a direct relationship between each channel and its learned temporal
representation. In addition, the interaction branch processes the full four-channel
spike vector St in order to capture spatial or inter-channel dependencies that may
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be relevant for emotion recognition. For each channel-specific branch, the input
current is computed as:

ut,c = WcIt,c + bc, (4.13)

where c ∈ {TP9, AF7, AF8, TP10}, St,c is the spike value of channel c at time t, Wc

is the trainable input projection for the corresponding channel branch, bc is the bias
term, and e−λt is the exponential latency-weighting factor. This term gives stronger
influence to earlier spikes within the EEG window. The interaction branch receives
the complete four-channel spike vector:

ut,int = WintIt + bint, (4.14)

where Wint is the trainable projection matrix of the interaction branch and bint is
its bias term. Unlike the channel-specific branches, this branch intentionally mixes
information from all four EEG channels. It is included to capture inter-channel
relationships such as asymmetry or joint activation patterns between electrodes.
Each SNN branch is composed of Leaky Integrate-and-Fire neurons. For a branch
receiving input current It, the membrane potential is updated as:

Vt = αVt−1 + ut, (4.15)

where Vt is the membrane potential vector at time t, α is the membrane decay
factor, and It is the input current vector of the corresponding branch. A spike is
generated when the membrane potential crosses the spiking threshold:

Ot = H(Vt − θs), (4.16)

where Ot is the output spike vector, θs is the spiking threshold vector, and H(·) is
the Heaviside step function:

H(z) =

{
1, if z ≥ 0,

0, otherwise.
(4.17)

After spike generation, a soft reset is applied to the membrane potential:

Vt ← Vt −Ot ⊙ θs, (4.18)

where ⊙ denotes element-wise multiplication. Since the Heaviside function is non-
differentiable, surrogate gradients are used during training to enable gradient-based
optimization. The hidden spiking state of each branch evolves across the 20-second
EEG window as:

O1,O2, . . . ,OT . (4.19)

Since the final task is classification, the temporal SNN response must be summarized
into a fixed-length representation. In this study, membrane-potential aggregation is
used to obtain the SNN feature representation:

hr =
1

T

T∑
t=1

Vt,r, (4.20)

where r denotes a branch. For the four channel-specific branches, this gives:

hTP9, hAF7, hAF8, hTP10. (4.21)
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The interaction branch produces an additional representation:

hint. (4.22)

Therefore, the complete SNN output representation is:

HSNN = [hTP9,hAF7,hAF8,hTP10,hint]. (4.23)

The four channel-specific branches provide interpretable channel-wise temporal fea-
tures, while the interaction branch captures relationships across channels. This
design avoids assigning channel meaning to mixed neurons after the fact. Instead,
channel-specific features are produced by branches that only receive the correspond-
ing channel input, making the later channel-wise KAN contribution analysis more
logically valid.

4.2.9 Surrogate Gradient Learning

Training SNNs is difficult because the Heaviside spike function is non-differentiable.
During backpropagation, the derivative of the spike function is zero almost every-
where and undefined at the threshold. To solve this problem, surrogate-gradient
learning is used [8].

In the forward pass, the actual spike function is used:

Ot = H(Vt − θs). (4.24)

During the backward pass, the derivative of H(·) is replaced by a smooth sigmoid-
based surrogate derivative:

∂Ot

∂Vt

≈ γσ(γ(Vt − θs)) (1− σ(γ(Vt − θs))) , (4.25)

where γ controls the steepness of the surrogate function. This allows gradients to
flow through the spike-generation process during training while preserving binary
spike behaviour during the forward pass.

4.2.10 KAN Readout

The KAN readout is placed after the SNN backbone. Its purpose is to map the SNN-
derived features into class-wise contribution vectors. Unlike a conventional linear
classifier, the KAN readout uses learnable univariate functions to model nonlinear
relationships between SNN features and emotion classes. For a standard linear
classifier, the final logit for class j can be written as:

zj =
d∑

i=1

wj,ihi + bj, (4.26)

where zj is the logit for class j, hi is the hidden feature, wj,i is a scalar weight, and
bj is the bias. This structure is simple, but each feature contributes only through
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scalar multiplication. In a KAN layer, the scalar weight is replaced by a learnable
univariate function:

zj =
d∑

i=1

ϕj,i(hi) + bj. (4.27)

Here, ϕj,i(·) is a learnable nonlinear function. In this project, these functions are
represented using spline basis functions, allowing the readout to model nonlinear
feature-class relationships while still retaining an interpretable additive structure.
The proposed architecture uses separate KAN readouts for the four EEG channels
and an additional KAN readout for the interaction branch. For the channel-specific
branches, the KAN readouts are defined as:

cTP9 = KANTP9(hTP9), (4.28)

cAF7 = KANAF7(hAF7), (4.29)

cAF8 = KANAF8(hAF8), (4.30)

cTP10 = KANTP10(hTP10). (4.31)

The interaction branch is mapped using a separate KAN readout:

cint = KANint(hint). (4.32)

Each channel-specific KAN produces a four-dimensional class contribution vector:

cc = [cc,Calm, cc,Scared, cc,Happy, cc,Bored], (4.33)

where c ∈ {TP9, AF7, AF8, TP10}. This means that each EEG channel contributes
separately to the four emotion classes. Similarly, the interaction KAN produces:

cint = [cint,Calm, cint,Scared, cint,Happy, cint,Bored], (4.34)

which represents class-wise evidence arising from cross-channel interactions. For a
branch feature vector hr, the contribution to class j can be written as:

cr,j =
dr∑
i=1

ϕr,j,i(hr,i), (4.35)

where r ∈ {TP9, AF7, AF8, TP10, int}, dr is the feature dimension of branch r,
and ϕr,j,i(·) is the learnable KAN function associated with feature i and class j.
Using spline basis functions, each learnable function can be expressed as:

ϕr,j,i(hr,i) =
M∑

m=1

ar,j,i,mBm(hr,i), (4.36)

where Bm(·) denotes the m-th spline basis function and ar,j,i,m is a trainable co-
efficient. During training, these coefficients are updated through backpropagation
along with the trainable SNN parameters. The final class logit vector is obtained by
adding the contribution vectors from the four channel-specific KAN readouts and
the interaction KAN readout:

z = cTP9 + cAF7 + cAF8 + cTP10 + cint + b, (4.37)
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where b is the class bias vector. The contribution vectors are added element-wise,
so each component of z corresponds to one emotion class:

z = [zCalm, zScared, zHappy, zBored]. (4.38)

The predicted class probabilities are computed using the softmax function:

ŷj =
ezj∑4
k=1 e

zk
, (4.39)

where j represents one of the four emotion classes. The final predicted class is then
obtained as:

ŷ = argmax
j

ŷj. (4.40)

This readout structure provides two levels of interpretability. First, the four channel-
specific KAN outputs indicate how each EEG channel contributes to each emotion
class. Second, the interaction KAN output shows how much additional class evidence
is produced by combined multi-channel activity. Therefore, the model does not rely
only on isolated channel effects, but also captures cross-channel EEG patterns that
may be useful for emotion recognition.

4.2.11 Spline Parameterization of KAN Functions

Each KAN function ϕ(x) is represented using spline basis functions. A learnable
function can be written as:

ϕ(x) =
M∑

m=1

amBm(x), (4.41)

where Bm(x) is the m-th spline basis function, am is a learnable coefficient, and M
is the number of spline basis functions.
For a class-specific channel contribution, this becomes:

cc,j = ϕc,j(hc) =
M∑

m=1

ac,j,mBm(hc), (4.42)

where c is the EEG channel and j is the emotion class. The coefficient ac,j,m de-
termines how much the m-th spline basis contributes to the mapping from channel
feature hc to class j.

The coefficients are updated during training through gradient descent. If the total
loss is L, then each coefficient is updated as:

anewc,j,m = aoldc,j,m − η
∂L

∂ac,j,m
, (4.43)

where η is the learning rate. Since

cc,j =
M∑

m=1

ac,j,mBm(hc), (4.44)

the derivative with respect to a coefficient is:

33



∂cc,j
∂ac,j,m

= Bm(hc). (4.45)

Using the chain rule:

∂L
∂ac,j,m

=
∂L
∂cc,j

·Bm(hc). (4.46)

Thus, if a particular spline basis is active for a channel feature value, its coefficient
receives a stronger update. Over training, the KAN readout learns nonlinear class-
specific functions for each EEG channel.

4.2.12 Loss Function

The model is trained using categorical cross-entropy loss. For a sample with true
class label y and predicted class probabilities ŷj, the loss is:

L = −
4∑

j=1

yj log(ŷj), (4.47)

where yj is the one-hot encoded true label. If the correct class is r, then the loss
simplifies to:

L = − log(ŷr). (4.48)

The trainable parameters of the full model include the SNN weights, SNN biases,
KAN spline coefficients, and output bias terms. These parameters are optimized
using gradient-based learning.

4.2.13 Final Proposed Architecture

Based on the design alternatives, methodological constraints, and interpretability
requirements discussed earlier, the final selected architecture is an SNN backbone
with a KAN-based readout for channel-wise class contribution analysis. The overall
architecture is shown in Figure 4.1. The model follows a sequential pipeline be-
ginning with preprocessed DER-VREEG EEG windows and ending with four-class
emotion prediction.

The input to the model is a fixed-length EEG window containing four channels:
TP9, AF7, AF8, and TP10. After participant-wise channel normalization, each
window is converted into a spike-based representation using threshold-based spike
generation and exponential latency weighting. The resulting latency-weighted cur-
rent vector is passed into the SNN backbone, where membrane-potential dynamics
are used to extract temporal spike-based features.

The SNN output is preserved in a channel-aware form so that the contribution of
each EEG channel can be analyzed separately. Instead of using a conventional linear
classifier, the final architecture uses a KAN readout. For each EEG channel, the
KAN readout maps the corresponding SNN feature into a four-dimensional class
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contribution vector. These vectors represent the channel’s learned contribution to-
ward Calm, Scared, Happy, and Bored. This final design was selected because it
satisfies the two main objectives of the study. First, the SNN backbone provides bio-
logically inspired temporal spike processing through membrane-potential dynamics.
Second, the KAN readout provides interpretable nonlinear class contribution scores
for each EEG channel. As a result, the architecture is able to perform four-class
EEG emotion recognition while also allowing the final decision to be examined in
terms of channel-wise evidence.

Figure 4.1: Final proposed SNN + KAN readout architecture for interpretable EEG
emotion recognition. The architecture converts normalized EEG windows into spike-
based representations, processes them through an SNN backbone, and uses a KAN
readout to produce channel-wise class contribution vectors before final emotion pre-
diction.

It should be noted that the channel-wise contribution values produced by the KAN
readout represent model-level evidence rather than direct biological causality. There-
fore, the architecture supports interpretability in the machine-learning sense, but it
does not claim to identify causal neural mechanisms behind emotional states.

4.3 Data Collection

This study does not involve new data collection. Instead, it uses the publicly avail-
able DER-VREEG dataset introduced by Suhaimi et al. [12]. The dataset was
created for emotion recognition using EEG signals collected during virtual-reality-
based emotional stimulation. This dataset was selected despite its low channel count
because it evoked emotional stimuli using a realistic VR-powered environment rather
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than videos displayed on a screen that is commonly used in other datasets.

The EEG signals were recorded using a Muse 2016 headset through the Mind Mon-
itor application. The headset contains four EEG electrodes placed at TP9, AF7,
AF8, and TP10, with reference at Fpz. The dataset includes four emotion classes:
Calm, Scared, Happy, and Bored. The data were recorded in CSV format, and each
row contains participant information, emotion classification label, and raw EEG val-
ues from the four channels.

The use of an existing dataset is suitable for this project because the thesis focuses
on model design, spike encoding, SNN-based temporal processing, and KAN-based
interpretability rather than experimental EEG acquisition.

4.3.1 Data Cleaning

The raw DER-VREEG dataset contains missing EEG values marked as invalid en-
tries. Missing values may occur due to poor electrode contact, temporary signal
loss, or recording errors.

Let the original dataset be represented as:

D = {(xi, yi, pi)}Ni=1, (4.49)

where xi is the EEG sample, yi is the emotion label, and pi is the participant
identifier. If any EEG channel value in xi is missing or invalid, that sample is
excluded:

Dclean = {(xi, yi, pi) ∈ D | xi contains no invalid EEG value}. (4.50)

This choice is reasonable because the number of invalid values is very small. Drop-
ping such rows avoids introducing artificial EEG values through interpolation and
keeps the first experimental pipeline simple and reproducible.

After cleaning, all EEG channel values are converted into numerical format. The
class labels are also encoded into numerical class IDs:

Calm→ 0, Scared→ 1, Happy → 2, Bored→ 3. (4.51)

4.3.2 Data Transformation

Data transformation includes normalization, temporal windowing, label encoding,
and spike encoding.

Normalization

Raw EEG values in the DER-VREEG dataset contain large absolute values and
strong channel-level offsets. Feeding raw EEG values directly into the model may
cause unstable training and may allow amplitude differences between participants
or channels to dominate the learning process. Therefore, normalization is applied
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before windowing and spike encoding.

In this study, participant-wise channel normalization is used. This means that
each EEG channel is normalized separately for each participant. For participant p,
channel c, and time step t, the normalized EEG value is computed as:

x̃
(p)
t,c =

x
(p)
t,c − µ

(p)
c

σ
(p)
c + ϵ

, (4.52)

where x
(p)
t,c is the raw EEG value, µ

(p)
c is the mean value of channel c for participant

p, σ
(p)
c is the standard deviation of channel c for participant p, and ϵ is a small

constant used to avoid division by zero.

This normalization strategy reduces participant-specific baseline differences caused
by factors such as electrode contact, headset placement, scalp characteristics, and
individual physiological variation. It also preserves channel identity because TP9,
AF7, AF8, and TP10 are normalized separately rather than being mixed together.
As a result, the model learns from relative deviations within each participant and
channel instead of relying on raw amplitude offsets.

Participant-wise channel normalization does not force all values into the exact same
fixed range, such as [0, 1] or [−1, 1]. Instead, it centers each participant-channel dis-
tribution around zero and scales it by its own standard deviation. This is suitable
for the proposed model because the following spike-encoding stage only needs nor-
malized relative activity values for threshold-based spike generation, not fixed-range
probability values.

Temporal Windowing

After normalization, the continuous samples are segmented into fixed-length win-
dows. Let L be the window length. A window beginning at time index r is defined
as:

Xr = [x̃r, x̃r+1, . . . , x̃r+L−1], (4.53)

where each x̃t ∈ R4. Therefore,

Xr ∈ RL×4. (4.54)

In this thesis, the EEG recordings are grouped by participant and emotion class
before windowing. This ensures that windows do not accidentally cross from one
participant to another or from one emotion label to another. This step is important
because mixing samples across participant or class boundaries would create invalid
temporal windows.

Spike Encoding

Each normalized EEG window is converted into spike form using the exponentially
weighted latency-based encoding method described earlier. The final spike-encoded
representation has the form:

37



Sr ∈ {0, 1}L×4. (4.55)

This transformation makes the data suitable for the SNN backbone.

4.3.3 Data Integration

This project uses only one dataset: DER-VREEG. Therefore, no multi-source data
integration is required. The dataset already contains participant identifiers, class
labels, and EEG channel values in a single CSV file.

However, internal integration is still performed during preprocessing. Participant
IDs, emotion labels, and four EEG channels are aligned so that each window has
the correct label and participant information. The final processed sample can be
represented as:

(Xr, yr, pr), (4.56)

where Xr is the EEG window, yr is the class label, and pr is the participant ID.

4.3.4 Data Reduction

No aggressive dimensionality reduction method is applied because the dataset al-
ready contains only four EEG channels. Applying dimensionality reduction could
remove channel identity, which would conflict with the interpretability goal of the
project.

Instead, the main form of data reduction is temporal windowing and feature sum-
marization inside the SNN. Raw sequential samples are converted into fixed-length
windows, and the SNN later summarizes the temporal spike response into channel-
aware features. This keeps the data compact while preserving channel-level infor-
mation.

The decision not to reduce the four EEG channels is intentional. Since the proposed
KAN readout explains class contributions at the channel level, each original channel
must remain identifiable throughout the modelling pipeline.

4.3.5 Summary of Preprocessed Data

After preprocessing, the final dataset consists of cleaned, normalized, fixed-length
EEG windows. Each window contains EEG values from four channels and is assigned
one emotion label. The final input shape for one sample is:

X ∈ RL×4, (4.57)

and after spike encoding:

S ∈ {0, 1}L×4. (4.58)

The target label belongs to one of four classes:
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y ∈ {Calm, Scared,Happy,Bored}. (4.59)

For the implemented experiments, the cleaned dataset contains 4,408,320 valid EEG
samples after removing rows with missing values. Using fixed-length windowing, the
final windowed dataset contains 1,722 EEG windows, each with 2560 time steps at
128 Hz for 20 seconds and 4 EEG channels:

Xfinal ∈ R1722×2560×4. (4.60)

The corresponding label vector is:

yfinal ∈ R1722. (4.61)

A participant-wise split is used to reduce data leakage. Participants in the training
set, validation set, and test set are kept separate so that the model is evaluated on
participants not seen during training.

4.4 Implementation of Selected Design

The selected design is implemented as a complete EEG emotion-recognition pipeline.
The implementation consists of preprocessing, spike encoding, SNN feature extrac-
tion, KAN readout classification, training, and evaluation.

4.4.1 Step 1: Dataset Loading

The raw CSV file is loaded using Python data-processing tools. The required
columns are:

Participant, Classification, RAW TP9, RAW AF7, RAW AF8, RAW TP10.
(4.62)

The participant column is used for grouping and participant-wise splitting. The
classification column is used as the emotion label. The four raw EEG columns are
used as input channels.

4.4.2 Step 2: Cleaning and Label Encoding

Invalid EEG values are removed. The four class names are mapped into numeri-
cal labels. The cleaned EEG matrix is then separated from the label vector and
participant identifiers.

4.4.3 Step 3: Normalization

The EEG channels are normalized to reduce scale variation. Participant-wise nor-
malization is preferred because EEG values can differ significantly across partici-
pants. This step produces normalized EEG values that are more suitable for spike
encoding and model training.
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4.4.4 Step 4: Window Generation

The normalized EEG samples are grouped according to participant and emotion
class. Fixed-length windows are created within each group. This ensures that a
window contains temporally consistent samples from the same participant and the
same emotional label.

If we want windows of a duration of 20 seconds, at 128 Hz, the window length is
L = 20× 128 = 2560

4.4.5 Step 5: Spike Encoding

Each normalized EEG window is converted into binary spike form using the expo-
nentially weighted latency-based encoder. This step produces a spike tensor that
can be passed into the SNN backbone.

The encoder is designed to keep the relationship between signal magnitude and spike
timing interpretable. Stronger normalized responses are more likely to generate
earlier or stronger spike activity, while weaker responses generate fewer or later
spikes.
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Chapter 5

Result Analysis

5.1 Performance Evaluation

This section evaluates the performance of the proposed EEG emotion-recognition
framework. The evaluation focuses on classification performance, model feasibility,
reliability, and interpretability. Since the task is a four-class classification problem,
the model predicts one of four emotional states: Calm, Scared, Happy, and Bored.

The main evaluation criteria used in this study are accuracy, macro F1-score, weighted
F1-score, Cohen’s kappa, Matthews correlation coefficient, confusion matrix anal-
ysis, and interpretability of channel-wise class contribution. Accuracy measures
the overall proportion of correct predictions. However, accuracy alone is not suffi-
cient for EEG emotion recognition because class-wise performance and chance-level
agreement also need to be considered. Therefore, macro F1-score, weighted F1-
score, Cohen’s kappa, and Matthews correlation coefficient are also used.

Accuracy is defined as:

Accuracy =
Number of correct predictions

Total number of predictions
. (5.1)

Precision, recall, and F1-score are computed as:

Precision =
TP

TP + FP
, (5.2)

Recall =
TP

TP + FN
, (5.3)

F1 = 2× Precision×Recall

Precision+Recall
. (5.4)

Macro F1-score gives equal importance to each class, while weighted F1-score consid-
ers the number of samples in each class. Cohen’s kappa is used to measure agreement
between predicted and true labels while accounting for chance agreement. Matthews
correlation coefficient is also included because it provides a balanced evaluation of
classification quality, especially when class imbalance or uneven prediction patterns
are present.
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The testing method follows a participant-wise evaluation strategy. Participants
used for training, validation, and testing are kept separate. This is important
because EEG signals are strongly participant-dependent. If windows from the
same participant appear in both training and testing sets, the model may learn
participant-specific patterns rather than general emotion-related patterns. There-
fore, participant-wise splitting provides a more realistic evaluation of generalization.

The selected architecture was compared with alternative design solutions. The com-
parison is shown in Table 5.1.

Table 5.1: Performance comparison of evaluated model variants

Model Variant Validation Ac-
curacy

Interpretability Observation

Plain SNN with Lin-
ear Readout

0.8142 Low Uses spike-based tem-
poral processing, but
provides weak output-
level explanation.

KAN Encoder + SNN 0.7534 Moderate Adds nonlinear pre-
processing before
SNN, but does not
improve classification
performance.

Selected SNN + KAN
Readout

0.8892 High Achieves the best ob-
served accuracy and
provides channel-wise
class contribution.

The selected SNN + KAN readout model achieved the highest observed accuracy
among the tested variants. It is also important because the selected model also
satisfies the interpretability objective of the study. Unlike the plain SNN model,
the selected architecture can decompose the final prediction into channel-wise con-
tribution vectors for TP9, AF7, AF8, and TP10. Therefore, we will be focusing on
analyzing the performance of this model in this section.

The learning behaviour of the selected SNN + KAN readout model is shown in Fig-
ure 5.1 and Figure 5.2. The training and validation accuracy curves show that the
model learns progressively over the training epochs. At the beginning of training,
both training and validation accuracy are low, indicating that the model has not
yet learned discriminative EEG patterns. After the first few epochs, both curves
increase sharply, showing that the SNN backbone and KAN readout start learning
useful representations from the spike-encoded EEG windows.

From the accuracy curve, the validation accuracy improves steadily and reaches its
best value of approximately 0.8892. The training accuracy is slightly higher than
the validation accuracy near the final epochs, which is expected because the model
is optimized directly on the training data. However, the validation accuracy follows
a similar upward trend instead of collapsing, suggesting that the model does not
simply memorize the training set. This indicates that the selected architecture is
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Figure 5.1: Training and validation accuracy of the selected SNN + KAN readout
model on DER-VREEG.

able to learn emotion-related patterns that generalize reasonably well to the valida-
tion set.

The loss curve in Figure 5.2 provides further evidence of the model’s learning be-
haviour. Both training and validation loss decrease over time. The training loss
decreases more smoothly, while the validation loss shows small fluctuations during
the middle epochs. These fluctuations are expected in EEG classification because
EEG signals are noisy, participant-dependent, and difficult to separate perfectly.
Nevertheless, the overall downward trend of validation loss indicates that the model
continues to improve during training.

Figure 5.2: Training and validation loss of the selected SNN + KAN readout model
on DER-VREEG.
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The best model is selected at the epoch where the validation performance is highest.
After this point, further training may improve the training accuracy but does not
necessarily improve validation performance. This justifies using validation-based
model selection rather than simply using the final training epoch. The small gap
between training and validation curves suggests that the model has some degree of
generalization ability, although the presence of a gap also indicates that overfitting
should still be monitored.

The per-class precision, recall, and F1-score of the selected model are shown in
Figure 5.3. This figure provides a more detailed view of the classification perfor-
mance across the four emotional classes. Accuracy alone cannot show whether the
model performs equally well for all classes. Therefore, per-class precision, recall,
and F1-score are important for understanding class-wise behaviour.

Figure 5.3: Per-class precision, recall, and F1-score of the selected SNN + KAN
readout model.

The results show that the Scared class achieves the strongest performance among
the four classes, with precision, recall, and F1-score all above 0.90. This suggests
that the EEG patterns associated with the Scared class are more distinguishable for
the proposed model. The Happy class also achieves strong performance, with all
three metrics close to 0.90. This indicates that the model can identify Happy EEG
windows with relatively high reliability.

The Calm and Bored classes show slightly lower but still stable performance. Their
F1-scores are close to 0.86–0.87, indicating that these classes are more difficult to
distinguish than Scared and Happy. This may be because Calm and Bored are both
relatively low-arousal emotional states, and their EEG patterns may be more similar
than high-arousal states such as Scared. The Bored class shows balanced precision
and recall, suggesting that the model does not heavily overpredict or underpredict
this class.

Overall, the per-class results indicate that the selected SNN + KAN readout model
performs consistently across all four classes. The model does not rely on only one
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dominant class, and all classes achieve relatively high F1-scores. This supports the
use of macro-level evaluation metrics and confirms that the selected architecture is
not only accurate overall but also reasonably balanced across emotional categories.

The performance trend can be linked to the architectural design. The threshold-
based spike encoder converts normalized EEG activity into discrete spike events,
while exponential latency weighting emphasizes earlier threshold-crossing activity
within each window. The SNN backbone then processes these spike-based temporal
representations through membrane-potential dynamics. Finally, the KAN readout
learns nonlinear mappings from channel-aware SNN features to class-wise contri-
bution scores. The strong validation accuracy and balanced per-class performance
suggest that this combination is effective for the DER-VREEG four-class emotion-
recognition task.

5.2 Analysis of Design Solutions

The first alternative was a plain SNN with a linear readout. This design was useful
because it directly tested whether spike-based temporal processing could classify
EEG emotion windows. Its advantage is simplicity and biological motivation. How-
ever, its linear readout provides limited nonlinear modelling capacity and does not
clearly explain how each EEG channel contributes to the final class prediction.

The second alternative was a KAN encoder followed by an SNN. This design placed
the KAN before spike encoding or before SNN processing. The motivation was to al-
low nonlinear transformation of EEG features before spike-based temporal learning.
However, this design did not improve performance in the observed experiments. It
also made the interpretation less direct because the KAN transformation occurred
before spike processing rather than at the final decision stage.

The third and selected design was the SNN backbone with a KAN readout. This
architecture uses the SNN for temporal spike-based feature extraction and uses the
KAN readout for nonlinear classification and interpretability. The selected model
is more suitable for the research objective because it combines biologically inspired
temporal processing with channel-wise class contribution analysis.

The strengths and weaknesses of the evaluated designs are summarized in Table 5.2.
Based on this comparison, the SNN + KAN readout architecture was selected as the
final design. The selection was not based only on accuracy. It was chosen because
it provides the best balance between performance, feasibility, and interpretability.

5.3 Final Design Adjustments

The final design was adjusted based on the observed performance and methodolog-
ical clarity. The first adjustment was made in the spike-encoding stage. An earlier
version considered a sigmoid-based spike probability formulation. However, this in-
troduced unnecessary complexity and made the encoding harder to justify. The final
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Table 5.2: Analysis of design solutions

Design Solution Strengths Weaknesses Feasibility
Plain SNN Simple, biologically in-

spired, supports spike-
based temporal pro-
cessing.

Limited interpretabil-
ity and weak nonlinear
readout.

High

KAN Encoder +
SNN

Allows nonlinear EEG
transformation before
SNN processing.

Did not improve perfor-
mance and makes inter-
pretation less direct.

Moderate

SNN + KAN Read-
out

Best observed ac-
curacy, biologically
inspired processing,
channel-wise contribu-
tion analysis.

Performance improve-
ment is moderate; in-
terpretation is model-
level, not causal.

High

version uses a simpler threshold-based spike encoder followed by exponential latency
weighting.
The final spike generation rule is:

st,c =

{
1, if x̃t,c ≥ θe,

0, otherwise.
(5.5)

The exponentially weighted channel current is:

Ic =
T−1∑
t=0

e−λtst,c. (5.6)

This design is more explainable because it directly connects normalized EEG activ-
ity, threshold crossing, spike generation, and latency-sensitive current formation.

The second adjustment was made in the SNN membrane equation. A separate reset
term was removed because it was redundant with the soft reset operation. The final
membrane dynamics are written as:

Vt = αVt−1 + It, (5.7)

Ot = H(Vt − θs), (5.8)

Vt ← Vt −Otθs. (5.9)

This makes the model formulation cleaner and avoids double-counting the reset op-
eration.

The third adjustment was the placement of the KAN module. Instead of placing
KAN before spike encoding, the final design places KAN after the SNN as a readout
module. This decision was made because the final objective is not only to transform
EEG signals, but also to explain the final decision. By placing KAN after the SNN,
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each channel-specific SNN feature can be mapped into a class-wise contribution vec-
tor.

Thus, for each channel c:

cc = KANc(hc), (5.10)

where:

cc = [cc,Calm, cc,Scared, cc,Happy, cc,Bored]. (5.11)

The final logits are obtained as:

z = cTP9 + cAF7 + cAF8 + cTP10 + b. (5.12)

The fourth adjustment was the use of adaptive gradient-based optimization to im-
prove convergence and model accuracy. Since the proposed architecture contains
both SNN parameters and KAN spline coefficients, stable optimization is impor-
tant. A fixed learning-rate gradient descent method may update all parameters
with the same step size, which can be inefficient when different parts of the model
learn at different rates. Therefore, an adaptive optimizer was used to update the
trainable parameters more effectively during training.

Let Θ represent all trainable parameters of the model, including the SNN weights,
SNN biases, KAN spline coefficients, and class-bias terms. The training objective is
to minimize the cross-entropy loss:

L(Θ) = −
4∑

j=1

yj log(ŷj), (5.13)

where yj is the true one-hot encoded label and ŷj is the predicted probability for
class j.

At each training step, the gradient of the loss with respect to the model parameters
is computed as:

gt = ∇ΘLt(Θ). (5.14)

To improve convergence, the optimizer maintains an exponentially decaying average
of the gradients and squared gradients. These are computed as:

mt = β1mt−1 + (1− β1)gt, (5.15)

vt = β2vt−1 + (1− β2)g
2
t , (5.16)

where mt is the first-moment estimate, vt is the second-moment estimate, and β1

and β2 are decay parameters. Bias-corrected estimates are then computed as:

m̂t =
mt

1− βt
1

, (5.17)

v̂t =
vt

1− βt
2

. (5.18)
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The parameters are updated using:

Θt+1 = Θt − η
m̂t√
v̂t + ϵ

, (5.19)

where η is the learning rate and ϵ is a small constant used for numerical stability.

This adaptive update is useful for the proposed architecture because the SNN
and KAN readout have different parameter behaviours. The SNN parameters are
affected by surrogate-gradient learning through spike-generation functions, while
the KAN readout updates spline coefficients that control nonlinear edge functions.
Adaptive optimization allows each parameter to receive an update magnitude based
on its own gradient history, which helps improve training stability and convergence.

In addition to adaptive optimization, validation-based model selection was used.
During training, the model was evaluated on the validation set after each epoch.
The final saved model was selected from the epoch with the best validation accuracy
rather than simply using the last epoch. This can be written as:

Θ∗ = argmax
Θt

Accuracyval(Θt), (5.20)

where Θ∗ represents the parameters of the selected best model. This adjustment
prevents the final model from being chosen after unnecessary additional training if
the validation performance stops improving.

Together, adaptive optimization and validation-based model selection improved the
convergence behaviour of the selected SNN + KAN readout model. As shown in the
training curves, the validation loss decreased over time and the validation accuracy
reached its best value before the final epoch. Therefore, the final reported model
corresponds to the best validation checkpoint rather than an arbitrary final training
state.

These adjustments made the final model more consistent with the research aim:
interpretable low-channel EEG emotion recognition using an SNN backbone and
KAN readout.

5.4 Statistical Analysis

The statistical analysis in this study focuses on evaluating the final SNN + KAN
readout model using classification-based statistical measures. Since the task is a
four-class emotion-recognition problem, accuracy alone is not sufficient to judge
model performance. Therefore, the model is evaluated using accuracy, macro F1-
score, Cohen’s kappa, Matthews correlation coefficient, and confusion matrix anal-
ysis.

The overall statistical performance of the final model is shown in Figure 5.4. The
model achieved an accuracy of 0.8891 and a macro F1-score of 0.8892. The similarity
between accuracy and macro F1-score indicates that the model performs consistently
across the four emotion classes rather than performing well only on one or two
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dominant classes. This is important because the DER-VREEG task involves four
emotional states, and a reliable model should maintain balanced performance across
Calm, Scared, Happy, and Bored.

Figure 5.4: Overall performance statistics of the final SNN + KAN readout model
on the DER-VREEG dataset.

Cohen’s kappa and Matthews correlation coefficient were also used to evaluate the
model beyond simple accuracy. Cohen’s kappa measures the agreement between the
predicted and true labels while accounting for agreement that may occur by chance.
It is defined as:

κ =
po − pe
1− pe

, (5.21)

where po is the observed agreement and pe is the expected agreement by chance.
The final model achieved a Cohen’s kappa value of 0.8521. Since the task has four
classes, the chance-level accuracy is approximately 25%. A high kappa value there-
fore indicates that the model’s predictions are substantially better than chance-level
classification.

Matthews correlation coefficient (MCC) was also computed because it is a balanced
measure that considers the full confusion matrix. The final model achieved an MCC
value of 0.8521. This value supports the result obtained from Cohen’s kappa and in-
dicates strong agreement between predicted and actual labels across the multi-class
classification task.

The confusion matrix of the final model is shown in Figure 5.5. The diagonal ele-
ments represent correct predictions, while the off-diagonal elements represent mis-
classifications. The model correctly classified 384 Happy samples, 375 Calm samples,
376 Bored samples, and 396 Scared samples. These values show that the model per-
forms strongly across all four classes, with the highest number of correct predictions
observed for the Scared class.
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Figure 5.5: Confusion matrix of the final SNN + KAN readout model for four-class
DER-VREEG emotion classification.

The confusion matrix also shows the main misclassification patterns. Happy is most
frequently confused with Calm, with 24 Happy samples predicted as Calm. Calm
is most frequently confused with Bored, with 25 Calm samples predicted as Bored.
Bored is most frequently confused with Calm, with 28 Bored samples predicted as
Calm. These patterns suggest that Calm and Bored are relatively more difficult to
separate, which is reasonable because both can be considered lower-arousal emo-
tional states. In contrast, the Scared class shows the strongest separability, with
396 correct predictions and relatively few misclassifications into other classes.

The statistical results are summarized in Table 5.3.

Table 5.3: Statistical summary of the final SNN + KAN readout model

Metric Value Interpretation
Accuracy 0.8891 High overall proportion of

correct predictions.
Macro F1-score 0.8892 Balanced class-wise perfor-

mance across four emotions.
Cohen’s kappa 0.8521 Strong agreement beyond

chance-level prediction.
Matthews correlation coeffi-
cient

0.8521 Strong balanced multi-class
classification performance.

Overall, the statistical analysis shows that the final SNN + KAN readout model
performs reliably on the DER-VREEG emotion-recognition task. The high accu-
racy and macro F1-score demonstrate strong predictive performance, while the high
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Cohen’s kappa and MCC values confirm that the model is not merely benefiting
from chance agreement or class imbalance. The confusion matrix further supports
this conclusion by showing strong diagonal dominance and limited misclassification
across classes. At the same time, the remaining confusion between Calm and Bored
indicates that emotionally similar or low-arousal states remain more challenging to
distinguish.

5.5 Comparisons and Relationships

The proposed SNN + KAN readout model was compared from two perspectives.
First, it was compared with internal design alternatives developed during this study.
Second, it was compared conceptually with existing EEG emotion-recognition ap-
proaches from the literature. This comparison is important because the purpose of
the proposed model is not only to improve classification performance, but also to
provide biologically inspired temporal processing and channel-wise interpretability.

Among the internal model variants, the selected SNN + KAN readout achieved the
strongest validation performance. As shown earlier, the selected model obtained an
accuracy of 0.8891 and a macro F1-score of 0.8892. The closeness between these
two values indicates that the model performs consistently across the four emotional
classes rather than relying on one dominant class. In addition, the model achieved
Cohen’s kappa and Matthews correlation coefficient values of 0.8521, indicating
strong agreement beyond chance and balanced multi-class classification performance.

The internal comparison is summarized in Table 5.4. The plain SNN with a lin-
ear readout achieved a validation accuracy of 0.8142. This shows that spike-based
temporal processing alone is useful for the DER-VREEG task. However, the plain
SNN has weak output-level interpretability because its linear readout does not ex-
plicitly decompose the prediction into channel-wise class contributions. The KAN
encoder + SNN variant achieved a lower validation accuracy of 0.7534, suggesting
that placing KAN before SNN processing did not improve the model in this setting.
In contrast, the selected SNN + KAN readout achieved the highest validation ac-
curacy of 0.8892 while also providing the most direct interpretability structure.

The relationship between the final model and the confusion matrix further sup-
ports the selection of the SNN + KAN readout architecture. The confusion matrix
shows strong diagonal dominance, with 384 correctly classified Happy samples, 375
correctly classified Calm samples, 376 correctly classified Bored samples, and 396
correctly classified Scared samples. This indicates that the model is not only ac-
curate overall, but also capable of separating all four emotional classes reasonably
well. The remaining errors mainly occur between Calm and Bored, which may be ex-
pected because both classes can represent relatively lower-arousal emotional states.

The per-class precision, recall, and F1-score results also support the effectiveness of
the selected model. The Scared class shows the strongest performance, with all three
metrics above 0.90. Happy also performs strongly, with precision, recall, and F1-
score close to 0.90. Calm and Bored show slightly lower but still stable performance,
with F1-scores around 0.86–0.87. This suggests that the selected architecture does
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Table 5.4: Internal comparison of evaluated model variants

Model Variant Validation Ac-
curacy

Interpretability Main Observation

Plain SNN with Lin-
ear Readout

0.8142 Low Learns spike-based tem-
poral features, but does
not provide explicit
channel-wise class evi-
dence.

KAN Encoder + SNN 0.7534 Moderate Adds nonlinear transfor-
mation before SNN pro-
cessing, but reduces val-
idation performance in
this experiment.

Selected SNN + KAN
Readout

0.8892 High Provides the best vali-
dation performance and
produces channel-wise
class contribution vec-
tors.

not overfit to a single class and maintains balanced class-wise behaviour.

Compared with the original DER-VREEG study, the proposed model follows a dif-
ferent methodological direction. The original work mainly evaluated conventional
machine-learning classifiers such as SVM, KNN, FANN, DRF, GBM, and Naive
Bayes on the DER-VREEG dataset [12]. Those models are useful for establishing
the feasibility of emotion recognition from low-channel wearable EEG. However,
they do not use spike-based temporal processing or KAN-based channel-wise con-
tribution analysis. Therefore, the present work should not be treated simply as a
direct leaderboard comparison unless the same preprocessing, split strategy, and
evaluation setting are used. Instead, the contribution of this study is the design
of an interpretable SNN-KAN architecture for the same low-channel EEG emotion-
recognition problem.

Compared with attention-based EEG emotion-recognition models, the proposed ar-
chitecture shares the objective of identifying meaningful EEG-channel information.
Attention-based methods usually assign weights to channels or features to indicate
their relative importance. However, attention weights do not always directly repre-
sent class-specific evidence. In contrast, the KAN readout in this study produces
a separate four-dimensional contribution vector for each EEG channel. This allows
TP9, AF7, AF8, and TP10 to contribute differently to Calm, Scared, Happy, and
Bored, as illustrated for the Scared class in the following contribution-curve visual-
ization.

To illustrate the channel-wise interpretability provided by the KAN readout, Fig-
ure 5.6 presents representative KAN contribution curves toward the Scared class
for the four EEG channels. The horizontal axis represents the channel-specific SNN
feature, while the vertical axis represents the KAN contribution toward the Scared
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class. A positive contribution indicates that the channel feature supports the Scared
prediction, whereas a lower or negative contribution indicates weaker support for
that class.

Figure 5.6: Channel-wise KAN contribution curves toward the Scared class. The
curves illustrate how TP9, AF7, AF8, and TP10 can contribute differently to the
Scared prediction through the KAN readout.

The curves show that the four EEG channels do not contribute identically toward
the Scared class. AF7 shows the steepest positive contribution pattern, indicat-
ing that higher AF7 SNN feature values strongly push the model toward Scared.
AF8 also shows a strong positive contribution, but its curve rises more gradually,
suggesting a smoother and more distributed contribution. TP9 shows a moderate
increasing pattern, meaning that it supports the Scared class when its feature value
increases, but its influence is less dominant than AF7 and AF8. TP10 shows the
weakest and more saturating contribution pattern, indicating that it provides sup-
portive evidence only at higher feature values.

This comparison demonstrates why the KAN readout is more informative than a
conventional linear classifier. Instead of producing only a final class score, the KAN
readout allows each EEG channel to express a distinct nonlinear relationship with
a target class. For the Scared class, the visualization suggests that frontal channels
AF7 and AF8 provide stronger class-supporting evidence, while temporal channels
TP9 and TP10 provide more moderate or supportive contributions. This is con-
sistent with the strong per-class performance observed for Scared, where the final
model achieved the highest class-wise precision, recall, and F1-score.

It should be noted that this visualization is used to demonstrate the interpretability
mechanism of the final SNN + KAN readout design. The contribution values should

53



be interpreted as model-level evidence rather than biological causality. Therefore, a
stronger AF7 or AF8 contribution does not prove that those scalp locations alone
caused the Scared emotional state; it only indicates that, within the model’s learned
representation, those channel features provide stronger evidence for the Scared class.

Compared with graph-based EEG emotion-recognition models, the proposed model
is simpler and more suitable for the DER-VREEG setting. Graph neural networks
are powerful when datasets contain many EEG electrodes because they can model
spatial relationships between brain regions. However, DER-VREEG contains only
four EEG channels. In this low-channel setting, preserving the individual contri-
bution of each channel is more practical than constructing a complex graph struc-
ture. Therefore, the proposed model emphasizes temporal spike-based processing
and channel-wise contribution analysis instead of multi-level electrode graph mod-
elling.

Compared with existing SNN-based EEG models, the proposed model adds a more
explicit decision-level interpretability mechanism. SNNs provide biologically in-
spired temporal processing through spike events and membrane-potential dynamics.
However, a standard SNN classifier does not automatically explain how each EEG
channel supports each emotion class. The KAN readout addresses this limitation
by transforming channel-specific SNN features into class-wise contribution scores.

The overall relationship between different modelling approaches is summarized in
Table 5.5.

Overall, the comparisons show that the final SNN + KAN readout model provides
the best balance among the evaluated solutions. It improves validation accuracy
over the internal alternatives, achieves strong macro F1-score, Cohen’s kappa, and
MCC values, and provides a clearer interpretability mechanism than a conventional
readout. Therefore, the selected model is more suitable for the research objective of
interpretable low-channel EEG emotion recognition.

5.6 Discussions

The results show that the selected SNN + KAN readout architecture provides the
best performance among the evaluated internal variants. The final model achieved
an accuracy of 0.8891, a macro F1-score of 0.8892, Cohen’s kappa of 0.8521, and
Matthews correlation coefficient of 0.8521. These results indicate that the proposed
architecture performs strongly on the DER-VREEG four-class emotion-recognition
task. The high macro F1-score is especially important because it shows that the
model does not achieve high accuracy by favouring only one or two classes; instead,
it maintains balanced performance across Calm, Scared, Happy, and Bored.

The comparison with internal alternatives shows that the placement of the KAN
module is important. The plain SNN with a linear readout achieved a validation
accuracy of 0.8142, while the KAN encoder + SNN variant achieved 0.7534. In con-
trast, the selected SNN + KAN readout achieved 0.8892 validation accuracy. This
suggests that applying KAN after SNN feature extraction is more effective than
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Table 5.5: Comparison of the proposed model with related modelling approaches

Approach Main Strength Main Limitation Relation to
This Study

Traditional Ma-
chine Learning

Simple, efficient,
and useful for
baseline EEG clas-
sification.

Often depends on
handcrafted features
and limited tempo-
ral modelling.

Used as back-
ground from the
original DER-
VREEG study.

CNN/Deep Learn-
ing Models

Learn nonlinear
EEG representa-
tions automati-
cally.

Often behave as
black-box models
and may require
larger datasets.

Supports the
need for learned
EEG representa-
tions.

Attention-Based
EEG Models

Highlight channel
or feature impor-
tance.

Attention scores
may not directly
represent class-wise
evidence.

Motivates
channel-level
interpretability.

Graph-Based EEG
Models

Capture spatial re-
lationships between
EEG electrodes.

More suitable for
datasets with many
electrodes than
four-channel EEG.

Related but less
appropriate for
DER-VREEG’s
low-channel set-
ting.

Plain SNN Provides biolog-
ically inspired
temporal spike
processing.

Linear readout gives
weak interpretabil-
ity.

Internal baseline
with 0.8142 vali-
dation accuracy.

KAN Encoder +
SNN

Adds nonlinear
transformation
before SNN pro-
cessing.

Reduced validation
performance in this
experiment.

Internal alterna-
tive with 0.7534
validation accu-
racy.

Selected SNN +
KAN Readout

Combines spike-
based processing,
strong validation
performance, and
channel-wise class
contribution.

Interpretability is
model-level evi-
dence, not biological
causality.

Final selected
architecture with
0.8892 validation
accuracy.
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applying KAN before spike-based processing for this dataset. One possible reason is
that the SNN first extracts temporal spike-based features from EEG windows, and
the KAN readout then learns nonlinear class-specific mappings from these features.
In comparison, using KAN before SNN processing may transform the EEG signals
before spike encoding in a way that does not benefit temporal spike learning.

The training and validation curves also support the effectiveness of the selected
model. The validation accuracy increased steadily during training and reached its
best value near the later epochs, while the validation loss generally decreased over
time. This indicates that the model was able to learn discriminative EEG repre-
sentations rather than remaining near chance-level performance. The gap between
training and validation performance remained acceptable, suggesting that the model
generalized reasonably well within the selected validation setting.

The confusion matrix provides further insight into the model’s behaviour. The di-
agonal values are dominant across all four classes, showing that most samples were
classified correctly. The Scared class achieved the highest number of correct pre-
dictions, indicating that the EEG patterns associated with this class were more
separable for the model. Happy also showed strong classification performance. The
main remaining confusion occurred between Calm and Bored, which may be ex-
pected because both can be interpreted as relatively lower-arousal emotional states.
This suggests that the model is better at distinguishing high-arousal or more distinct
emotional responses than separating emotionally similar states.

The per-class precision, recall, and F1-score results confirm that the model performs
consistently across the four classes. Scared achieved the strongest performance, with
all three metrics above 0.90. Happy also performed close to 0.90 across the three
metrics. Calm and Bored achieved slightly lower but still strong F1-scores, around
0.86–0.87. These results show that the model does not depend on a single dominant
class and can recognize all four emotional states with relatively balanced effective-
ness.

The most important contribution of the selected design is not only its classification
performance but also its interpretability. The KAN readout allows the final pre-
diction to be decomposed into channel-wise class contribution vectors. This means
that the model can show how TP9, AF7, AF8, and TP10 contribute toward Calm,
Scared, Happy, and Bored before the final logits are combined. This is more in-
formative than a conventional classifier that only produces a final class label or
probability distribution. Therefore, the selected architecture supports the objective
of interpretable low-channel EEG emotion recognition.

However, the interpretation must still be handled carefully. A high contribution
from a particular EEG channel does not prove that the corresponding brain region
caused the emotional state. The contribution values represent model-level evidence
learned from the available EEG data. Therefore, the interpretability provided by
the KAN readout should be understood as computational explanation, not causal
neuroscience evidence or clinical diagnosis.
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The biological motivation of the model is meaningful but also limited. The SNN
backbone processes information through spike events and membrane-potential dy-
namics, which provides a biologically inspired modelling direction. The threshold-
based spike encoding and exponential latency weighting also give the input represen-
tation a spike-timing interpretation. However, the DER-VREEG dataset has a low
sampling rate, and the model is implemented on conventional computing hardware
rather than neuromorphic hardware. Therefore, this study does not claim to repro-
duce real biological neural firing or achieve hardware-level neuromorphic efficiency.
The SNN is used as a biologically inspired temporal classifier.

The results also show that adding model complexity does not automatically im-
prove performance. The KAN encoder + SNN model performed worse than the
plain SNN, even though it introduced an additional nonlinear transformation. This
suggests that the position and role of KAN are important. In this study, KAN is
more effective as a readout after the SNN than as a preprocessing or encoding com-
ponent before spike-based learning. This supports the final design decision of using
the SNN as the temporal feature extractor and KAN as the interpretable nonlinear
classifier.

Overall, the selected SNN + KAN readout architecture achieves the best balance
among the tested models. It provides strong classification performance, main-
tains biological motivation through spike-based SNN processing, and supports inter-
pretability through KAN-based channel-wise class contribution analysis. The model
should still be understood as a research prototype for interpretable low-channel EEG
emotion recognition rather than a clinically deployable emotion-recognition system.
Future work should test the architecture on additional EEG emotion datasets, eval-
uate subject-independent generalization more extensively, compare against stronger
deep-learning baselines, and investigate whether the spike-based design can be im-
plemented efficiently on neuromorphic hardware.
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Chapter 6

Conclusion

6.1 Summary of Findings

This study presented an interpretable EEG-based emotion-recognition framework
using a Spiking Neural Network backbone and a Kolmogorov–Arnold Network read-
out. The proposed model was evaluated on the DER-VREEG dataset for four
emotional classes: Calm, Scared, Happy, and Bored. The final architecture used
participant-wise channel normalization, threshold-based spike encoding, exponen-
tially weighted latency current formation, SNN-based temporal processing, and
KAN-based channel-wise class contribution analysis.

The experimental results showed that the selected SNN + KAN readout model
achieved strong classification performance, with an accuracy of 0.8891, macro F1-
score of 0.8892, Cohen’s kappa of 0.8521, and Matthews correlation coefficient of
0.8521. The confusion matrix showed strong diagonal dominance across all four
classes, indicating that most samples were classified correctly. The Scared and
Happy classes showed the strongest performance, while Calm and Bored showed
slightly higher confusion, which may be due to their relatively similar lower-arousal
characteristics.

The comparison with internal alternatives showed that the final SNN + KAN read-
out model performed better than the plain SNN with linear readout and the KAN
encoder + SNN variant. This indicates that placing the KAN module after the SNN
is more effective for this task than using KAN as a preprocessing or encoding com-
ponent. The results also showed that the proposed architecture can provide both
strong predictive performance and interpretable channel-wise class contribution in-
formation.

6.2 Contributions to the Field

The main contribution of this study is the design of an interpretable SNN-KAN
framework for low-channel EEG emotion recognition. Instead of using a conven-
tional black-box classifier, the proposed model produces channel-wise class contri-
bution vectors, allowing the final prediction to be examined in terms of how TP9,
AF7, AF8, and TP10 contribute to Calm, Scared, Happy, and Bored.
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A second contribution is the integration of spike-based temporal processing with
KAN-based nonlinear readout. The SNN backbone provides biologically inspired
processing through spike events and membrane-potential dynamics, while the KAN
readout provides a more interpretable nonlinear mapping from channel-aware SNN
features to class-level evidence.

A third contribution is the use of a simple and explainable spike-encoding strategy.
The final encoder avoids unnecessary probability-based transformations and instead
uses threshold-based spike generation followed by exponential latency weighting.
This makes the encoding process easier to interpret and more consistent with the
biological motivation of SNNs.

Finally, this study contributes an experimental analysis of different SNN-KAN de-
sign choices on the DER-VREEG dataset. The findings suggest that KAN is more
effective as a post-SNN readout than as a pre-SNN encoder for this specific low-
channel EEG emotion-recognition task.

6.3 Recommendations for Future Work

Future work should evaluate the proposed SNN + KAN readout framework on ad-
ditional EEG emotion-recognition datasets to test its generalizability beyond DER-
VREEG. Since EEG signals are highly subject-dependent, future studies should also
perform more extensive subject-independent validation and cross-dataset testing.

The model can also be extended by exploring more advanced spike-encoding strate-
gies, adaptive thresholds, and different SNN neuron models. Further work may
investigate whether the threshold-based latency encoder can be improved without
sacrificing interpretability.

Another important direction is deeper interpretability analysis. The channel-wise
KAN contribution vectors provide model-level explanations, but future work should
compare these explanations with established EEG neuroscience findings or expert
interpretation. This would help determine whether the learned channel contribu-
tions are neurophysiologically meaningful or mainly model-specific.

Future research may also compare the proposed model with stronger baselines, in-
cluding CNNs, attention-based models, graph neural networks, and transformer-
based EEG models under the same preprocessing and evaluation protocol. This
would provide a clearer understanding of the relative strengths and limitations of
the SNN-KAN approach.

Finally, since SNNs are conceptually related to neuromorphic computing, future
work could explore implementation on neuromorphic or edge-computing hardware.
This would help determine whether the proposed architecture can support low-
power, real-time EEG emotion recognition in wearable or embedded systems.
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