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ABSTRACT

E
motional stress recognition using physiological signals has attracted increasing at-
tention due to its potential applications in mental health monitoring and wearable
systems. Among various biosignals, electrocardiogram (ECG) offers strong practical-

ity for continuous monitoring, but its discriminative capability is limited when used as
a single modality under realistic conditions. While multimodal approaches can improve
performance by leveraging complementary information, their reliance on multiple sensors
constrains practical deployment.

This thesis proposes a training–inference paradigm that enhances ECG-based stress
recognition while preserving deployability. Complementary physiological signals, includ-
ing electrodermal activity (EDA) and electromyography (EMG), are utilized during training
to provide enriched supervision, whereas ECG is retained as the sole modality during in-
ference. A unified signal processing pipeline and a teacher–student knowledge distillation
framework are developed to transfer multimodal knowledge into a compact ECG-based
model.

The proposed approach is evaluated on multiple public datasets and a self-collected
multimodal dataset under both binary and multi-class settings. Results demonstrate con-
sistent improvements in classification performance, convergence stability, and robustness
compared with ECG-only baselines.

Overall, this study shows that multimodal-informed training with knowledge distilla-
tion provides an effective solution to improve ECG-based stress recognition under practical
deployment constraints.

xiii
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1
INTRODUCTION

1.1 Background and Motivation

Emotional states and psychological stress are widely encountered in modern life and can

affect individual well-being, cognitive performance, and decision-making processes [1].

Long-term or excessive stress is associated with a wide range of adverse outcomes, includ-

ing mental health disorders, reduced work efficiency, and impaired physiological regula-

tion [2]. As a result, reliable assessment and monitoring of emotional stress have attracted

growing attention in various application domains, such as mental health support systems,

human–computer interaction, and healthcare monitoring [3]. In these contexts, the ability

to continuously and objectively capture stress-related information is considered essential

to allow timely intervention and adaptive system responses.

Traditional approaches for assessing emotional states and psychological stress have

mainly relied on self-report questionnaires, behavioral observations, or dialog analysis [4].

Although questionnaire-based methods are widely used in clinical and experimental set-

tings, they are inherently subjective and are typically conducted offline, making them un-

suitable for continuous or real-time monitoring. Behavioral and speech-based approaches,

on the other hand, are highly sensitive to environmental conditions and contextual factors,

such as lighting, noise, and social settings, which can significantly degrade their reliability

in real-world applications. Moreover, these methods often require active user participa-

tion or explicit expression, limiting their applicability in scenarios where unobtrusive and

passive monitoring is desired. These limitations highlight the need for more objective and
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CHAPTER 1. INTRODUCTION

robust approaches to assessing emotional stress.

In contrast to subjective and behavior-dependent approaches, physiological signals

provide a more objective and direct reflection of the internal states of the body [5]. Physio-

logical measurements are closely regulated by the autonomic nervous system, which plays

a crucial role in modulating emotional and stress responses [6]. As a result, changes in emo-

tional states and psychological stress are often accompanied by measurable variations in

physiological activities, and can be collected continuously and passively in daily settings.

These characteristics make physiological signal–based approaches particularly suitable for

long-term monitoring and real-world applications, and have motivated extensive research

into the use of various biosignals, such as electrocardiogram (ECG), electrodermal activity

(EDA), and electromyography (EMG), for the recognition of emotional stress [7].

Among the various physiological signals, ECG has received particular attention due to

its practicality and widespread availability [8]. ECG acquisition technology has become

increasingly mature and is now commonly integrated in wearable devices such as smart

watches and chest straps, allowing unobtrusive and long-term monitoring in daily life [9].

Compared with other physiological measurements, ECG sensors are relatively low-cost and

widely available, facilitating scalable data collection and deployment. These advantages

make ECG a highly attractive modality for stress and emotion monitoring, especially in

applications that require continuous assessment outside controlled laboratory environ-

ments.

Although multiple physiological signals such as EDA and EMG have been shown to pro-

vide complementary information for emotional stress recognition, this study adopts ECG

as the sole modality at the inference stage due to considerations of practicality and deploy-

ment feasibility. ECG sensing technology is mature and widely available in wearable de-

vices, enabling continuous and unobtrusive monitoring in real-world settings. In contrast,

EDA and EMG measurements typically require stricter sensor placement and are more sen-

sitive to motion and environmental disturbances, which limits their robustness and long-

term usability outside controlled environments. At the same time, it is acknowledged that

ECG provides only an indirect representation of emotional stress, which motivates the use

of complementary physiological information during model training rather than during ap-

plication. This design choice aims to balance physiological informativeness and practical

feasibility by enhancing ECG-based stress recognition while maintaining a simple and de-

ployable sensing configuration.

The relationship between ECG signals and emotional stress can be understood through

the regulatory mechanisms of the autonomic nervous system. Cardiac activity is modu-
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1.1. BACKGROUND AND MOTIVATION

lated by the sympathetic and parasympathetic branches of the autonomic nervous system,

both of which are highly sensitive to emotional and psychological stimuli [10]. Variations in

stress and emotional states can alter autonomic balance, leading to observable changes in

heart rate dynamics and cardiac rhythms that are reflected in ECG recordings [11]. Conse-

quently, ECG signals provide indirect, yet meaningful physiological indicators of emotional

stress. This physiological linkage forms the theoretical basis for the use of ECG data in emo-

tion and stress recognition studies and has motivated extensive research into ECG-based

affective computing.

However, there are some limitations on ECG signals in emotional stress recognition.

Emotional information is not directly encoded in ECG signals. Instead, it is shown through

subtle and indirect variations in cardiac activity, which can be easily influenced by con-

founding factors such as physical activity, individual fitness levels, and baseline cardiovas-

cular conditions [12]. In addition, substantial inter-subject variability exists in ECG pat-

terns, making it difficult for models trained on limited datasets to generalize effectively

across individuals. These factors collectively constrain the discriminative power of single-

modality ECG-based approaches, particularly in small scale or subject-independent sce-

narios.

To address the limitations of single ECG-based approaches, increasing attention has

been directed to multimodal physiological signal analysis for emotional stress recognition

[13]. By jointly considering multiple biosignals, such as ECG, EDA, and EMG, multimodal

methods are able to capture complementary aspects of the physiological responses asso-

ciated with emotional and stress states. Although the ECG primarily reflects cardiac dy-

namics, the EDA is closely related to sympathetic nervous system activity, and the EMG

provides information on muscle tension and somatic responses. The integration of these

heterogeneous signals enables a more comprehensive representation of emotional stress,

and has been reported to improve recognition performance and robustness in various af-

fective computing studies.

The above observations reveal a fundamental trade-off in current emotional stress recog-

nition research. On the one hand, multimodal physiological approaches demonstrate clear

advantages in capturing complementary stress-related information and improving recog-

nition performance. On the other hand, the reliance on multiple sensors increases system

complexity, data acquisition costs, and deployment difficulty, which limits their practicality

in real-world and wearable applications. In contrast, single-modal ECG-based solutions of-

fer superior feasibility, but suffer from constrained discriminative capability when used in

isolation. This tension motivates the exploration of frameworks that can leverage the rich

3



CHAPTER 1. INTRODUCTION

information provided by multimodal physiological signals while retaining the simplicity

and deployability of ECG-based inference. Addressing this challenge requires a careful re-

consideration of how multimodal information can be effectively utilized without imposing

additional burdens during practical use.

1.2 Problem Statement

In recent years, substantial progress has been made in emotional stress recognition using

physiological signals, particularly through the adoption of multimodal approaches that in-

tegrate complementary biosignals [14]. By jointly modeling heterogeneous physiological

responses, such methods have demonstrated improved recognition performance and ro-

bustness compared to single-modality solutions [15]. However, this performance gain is

often achieved at the cost of increased system complexity, which requires multiple sensors,

synchronized data acquisition, and more demanding computational resources [16]. As a

consequence, there is a fundamental tension between recognition accuracy and practical

deployability in current stress recognition systems, especially for real-world and wearable

applications where simplicity and robustness are essential.

Despite its practicality and widespread adoption, the recognition of emotional stress

based on ECG faces inherent limitations when relying on a single modality [17]. Emo-

tional and stress-related information is not explicitly encoded in ECG signals but is re-

flected instead through subtle and indirect variations in cardiac dynamics, such as changes

in rhythm and temporal patterns [11]. These variations are often weak and can easily be

masked by confounding factors, including physical activity, individual fitness levels, base-

line cardiovascular conditions, noise and motion artifacts [18, 19]. Moreover, substantial

inter-subject variability exists in ECG characteristics, leading to highly subject-dependent

patterns that limit the discriminative capability and generalization performance of single-

modal ECG-based approaches, particularly in subject-independent or small-scale data sce-

narios.

To address the limited discriminative capability of single-modal ECG, many existing

studies have turned to multimodal physiological signal analysis by incorporating addi-

tional biosignals such as EDA and EMG [20]. Using complementary information in dif-

ferent modalities, these approaches have reported improved recognition accuracy and ro-

bustness in controlled experimental settings. Nevertheless, reliance on multiple sensing

modalities introduces practical challenges, including additional hardware requirements,

precise sensor placement, reliable signal synchronization, and increased data acquisition
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and computational costs [21–23]. These constraints significantly hinder large-scale data

collection and limit the feasibility of deploying multimodal systems in continuous and un-

obtrusive wearable scenarios.

Beyond modality-related limitations, emotional stress recognition based on physiolog-

ical signals is further constrained by limited data availability and substantial inter-subject

variability [24–26]. Collecting high-quality labeled physiological data is time-consuming

and resource-intensive, often resulting in datasets with relatively small sample sizes. When

combined with subject-dependent physiological patterns, these factors increase the risk of

overfitting and make it difficult for data-driven models to learn generalizable stress-related

representations that remain reliable across unseen subjects or real-world conditions.

In addition to these challenges, there is a fundamental trade-off between recognition

performance, model complexity, and practical deployability in emotional stress recogni-

tion systems. Recent advances in deep learning have enabled increasingly complex models

to capture subtle temporal patterns from physiological signals; however, such improve-

ments are often accompanied by increased computational cost, larger model size, and

reduced interpretability. These characteristics are particularly problematic for wearable

and real-time applications with strict constraints on computational resources, energy con-

sumption, and system stability.

In summary, the limitations of single-modal ECG-based methods, the practical con-

straints of multimodal sensing systems, and the challenges posed by limited data availabil-

ity and inter-subject variability form a tightly coupled set of obstacles in emotional stress

recognition [27, 28]. Improvements in recognition performance are frequently achieved at

the expense of increased system complexity, while approaches that prioritize simplicity

and deployability tend to suffer from reduced discriminative capability. Addressing these

intertwined challenges in a unified manner remains an open research problem and moti-

vates the research objectives presented in the following section.

1.3 Research Objectives

The general objective of this research is to investigate effective strategies for emotional

stress recognition using ECG signals under practical and constrained conditions. This study

aims to improve the discriminative capability and robustness of ECG based stress recogni-

tion while maintaining suitability for wearable and real time applications. In particular, this

research emphasizes a training and inference paradigm that allows richer physiological in-

formation to be exploited during model development, while ensuring that the recognition
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process remains simplified and efficient when applied in real world scenarios. The focus

is placed on methodological strategies that explicitly account for the gap between training

conditions and practical use, rather than assuming identical sensing configurations across

all stages [29]. Considering the limitations of single-mode ECG signals, the availability of

complementary physiological information, and the constraints imposed by the complexity

and scale of the system, this research seeks to improve recognition performance without

increasing the sensing requirements or computational burden during application.

The first objective of this research is to examine how effectively emotional stress related

information can be captured from ECG signals under realistic experimental conditions.

This objective focuses on analyzing the extent to which meaningful representations can

be derived from ECG signals despite their indirect association with psychological states

and their susceptibility to noise and variability [30]. Particular attention is given to the

characteristics of ECG representations that are relevant to stress recognition, including

their consistency and sensitivity across different task conditions. By systematically study-

ing ECG based representations and recognition performance, this research aims to estab-

lish a clear understanding of the factors that limit the stability and reliability of ECG based

emotional stress recognition, thereby providing a principled foundation for subsequent

modeling strategies.

The second objective of this research is to investigate the role of complementary phys-

iological information in enhancing ECG based emotional stress recognition without in-

creasing system complexity at the inference stage. Rather than constructing a fully mul-

timodal recognition system, this objective focuses on examining how information from

EDA and EMG can be utilized during model development to support and strengthen ECG

based representations [31]. The emphasis is placed on understanding how complemen-

tary modalities can provide informative guidance during training, while remaining absent

from the final recognition pipeline used in application scenarios. The aim is to study strate-

gies that benefit from multimodal physiological signals while preserving the simplicity and

practicality of ECG only recognition, which is critical for real world and wearable use.

The third objective of this research is to investigate the stability and reliability of ECG

based emotional stress recognition under limited data conditions. Given the difficulty of

collecting large scale labeled physiological datasets, this objective focuses on examining

how structured training strategies and informative supervision can reduce overfitting and

maintain consistent recognition performance when training data are constrained [32]. This

objective reflects common practical conditions in physiological computing, where data

availability is often limited by experimental cost and participant burden. By studying learn-
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ing behavior and performance trends in data limited settings, this research aims to identify

factors that contribute to stable ECG based stress recognition without relying on increased

data volume or complex sensing configurations.

The fourth objective of this research is to examine the trade off between recognition

performance and model complexity in ECG based emotional stress recognition. Although

advanced modeling techniques can improve recognition accuracy, increased model com-

plexity often leads to higher computational cost and reduced suitability for wearable and

real time applications [33]. This objective focuses on analyzing how efficient modeling

strategies can balance recognition performance and computational efficiency under prac-

tical constraints. The goal is not to maximize performance in isolation, but to understand

how design choices influence the feasibility and reliability of stress recognition systems in-

tended for realistic use.

Together, these objectives establish a coherent research framework that addresses the

limitations of ECG based emotional stress recognition from the perspectives of discrimina-

tive capability, utilization of complementary physiological information, learning stability

under constrained data conditions, and practical efficiency. Based on these objectives, a

set of research questions is formulated to guide the subsequent investigation and structure

the experimental analysis presented in later chapters.

1.4 Research Questions

Based on the research objectives defined in the previous section, this study formulates a set

of research questions to guide the subsequent investigation. These research questions are

designed to translate the overall research objectives into specific and examinable problems

that clearly reflect the scope and focus of this work. By structuring the experimental design

and analysis around these questions, this study aims to ensure a coherent and systematic

evaluation of ECG based emotional stress recognition under practical constraints [34].

The first research question examines the extent to which ECG signals can support re-

liable emotional stress recognition under realistic experimental conditions. This question

focuses on evaluating the discriminative capacity of ECG signals when there are practi-

cal constraints such as noise, physiological variability, and limited experimental control

[35]. Rather than assuming an idealized data acquisition setting, this study seeks to un-

derstand how effectively stress related information can be represented and distinguished

using ECG signals in conditions that more closely reflect real world applications. Particular

attention is given to the consistency and robustness of ECG based representations across

7
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different stress inducing task conditions, as well as to the limitations arising from the indi-

rect relationship between cardiac activity and psychological stress states [36]. Addressing

this question establishes a foundational understanding of both the potential and inherent

constraints of ECG based emotional stress recognition, which provides an essential refer-

ence for subsequent investigations in this thesis.

The second research question investigates the role of complementary physiological in-

formation in enhancing ECG based emotional stress recognition when system complexity

at the inference stage is constrained [37]. This question focuses on understanding whether

and how the information from additional physiological signals can provide meaningful

guidance during model development while ensuring that the final recognition process re-

lies solely on ECG signals in application scenarios [38]. Rather than evaluating fully mul-

timodal recognition systems, this study examines the contribution of multimodal infor-

mation at the training stage and its influence on the quality and robustness of ECG based

representations. Particular attention is given to the extent to which complementary physi-

ological signals can support learning more informative and stable representations of stress

related patterns without introducing additional sensing requirements during deployment.

By addressing this question, the study aims to clarify the practical value of multimodal

physiological information in a training and application setting that prioritizes simplicity,

efficiency, and feasibility for use in the real world [39].

The third research question examines the stability and reliability of ECG based emo-

tional stress recognition under limited data conditions that commonly arise in physiologi-

cal data collection [40]. This question focuses on understanding how constrained training

data influence learning behavior, performance consistency, and susceptibility to overfitting

in ECG based stress recognition tasks. Rather than assuming access to large scale datasets,

this study considers realistic experimental scenarios in which data availability is restricted

by practical factors such as collection cost, participant burden, and labeling effort [41]. Par-

ticular attention is given to how different training strategies and forms of informative su-

pervision affect the consistency of recognition performance in repeated experiments and

task conditions [42]. By addressing this question, the study seeks to clarify the extent to

which stable and reliable ECG based emotional stress recognition can be achieved in data

limited settings, thereby providing insight into the robustness of learning approaches un-

der realistic constraints.

The fourth research question explores the balance between recognition performance

and model complexity in ECG based emotional stress recognition under practical con-

straints. This question focuses on understanding how increases in model complexity in-
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fluence recognition accuracy, computational cost, and overall feasibility for wearable and

real time applications [43]. Rather than pursuing performance improvements in isolation,

this study examines the trade offs that arise when designing models intended for realistic

use, where efficiency and reliability are critical considerations [44]. Particular attention is

given to identifying whether competitive recognition performance can be achieved with-

out incurring excessive computational overhead or sacrificing robustness. By addressing

this question, the study aims to provide insight into how design choices affect the practi-

cality of ECG based stress recognition systems in real world scenarios.

In summary, these research questions define the key aspects of ECG based emotional

stress recognition that are examined in this thesis, including discriminative capability, the

use of complementary physiological information, the stability of learning under limited

data conditions and practical efficiency. The subsequent chapters are organized to system-

atically address these questions through methodological development and experimental

analysis. An overview of the thesis structure is presented in the following section.

1.5 Thesis Structure

This thesis is organized to present a coherent progression from problem formulation to

methodological development and experimental evaluation. The overall structure is designed

to systematically address the research objectives and research questions defined in the pre-

ceding sections, while maintaining a clear separation between conceptual background,

methodological design, data description, and analytical findings. Through this organiza-

tion, the thesis aims to provide a transparent and logical framework for investigating ECG

based emotional stress recognition under practical constraints.

Chapter 2 reviews existing research on emotional stress recognition using physiological

signals, with particular emphasis on ECG based approaches, multimodal learning strate-

gies, and their practical limitations. Chapter 3 presents the methodological framework of

this study, describing the overall modeling approach and training strategy adopted to sup-

port ECG based stress recognition under realistic constraints. Chapter 4 introduces the

datasets used in this research, including publicly available datasets and a self collected task

induced stress dataset, and explains the data collection procedures, preprocessing steps,

and experimental usage. Chapter 5 reports the experimental results and analysis, address-

ing the research questions through systematic evaluation and comparison. Finally, Chapter

6 discusses the findings of the study, examines their implications in relation to the existing

literature, and outlines the limitations and potential directions for future work.

9
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The organization of the thesis is closely aligned with the research questions introduced

in the preceding section, ensuring that each stage of the investigation directly contributes

to addressing the defined research focus. The overall research workflow follows a struc-

tured progression from problem formulation and methodological development to data

preparation, experimental evaluation, and subsequent discussion. Within this structure,

the methodological framework and experimental analysis are explicitly designed to pro-

vide systematic responses to the research questions, each chapter contributing to specific

aspects of the investigation. This organization enables a clear and traceable connection be-

tween the research questions, the experimental design, and the analytical outcomes pre-

sented throughout the thesis.
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LITERATURE REVIEW

T
his chapter reviews existing research related to emotional stress recognition using

physiological signals, with a particular focus on ECG based approaches and their

practical applicability. The purpose of this review is to provide a structured overview

of the current research landscape, clarify key theoretical concepts, and identify the limita-

tions and open challenges relevant to this study. Rather than offering an exhaustive sur-

vey of all available methods, this chapter emphasizes representative studies and research

trends that are most closely related to the objectives and research questions defined in

Chapter 1. Through this review, the chapter establishes the conceptual and empirical foun-

dation of the methodological framework presented in subsequent chapters.

2.1 Overview of Existing Research

Emotional stress recognition using physiological signals has become an active research

area due to its relevance to mental health monitoring, human computer interaction, and

wearable healthcare applications [45]. Physiological signals provide an objective means of

capturing stress related responses, complementing subjective assessments such as ques-

tionnaires and self reports [46]. As a result, a wide range of studies have explored the use

of biosignals to infer emotional and stress states, with increasing attention given to non-

invasive and wearable friendly sensing modalities. Within this broader context, research

has progressively shifted toward developing automated and data driven approaches that

aim to detect stress under controlled and semi realistic experimental conditions.
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Early research on emotional stress recognition using physiological signals has often

focused on single modality approaches, motivated by considerations of sensing simplic-

ity and practical feasibility. Among various biosignals, ECG has received particular atten-

tion due to its non invasive nature, relatively low acquisition cost, and suitability for long

term wearable monitoring. Representative studies have examined the relationship between

stress related physiological responses and ECG derived characteristics, typically aiming to

distinguish stress from non stress states or to classify multiple stress levels under controlled

experimental conditions. For example, He et al. used a CNN with Lomb–periodogram rep-

resentations derived from ECG R-peak sequences for real-time acute cognitive-stress de-

tection and demonstrated advantages over conventional HRV feature-based classifiers [47].

In addition, Cheema et al. proposed a psychological stress detection framework based on

cardiac sound signals, combining EMD-based feature extraction with phase space recon-

struction and an RBF-SVM classifier, and reported promising results in an exam-stress

dataset [48]. In general, this line of work has established the ECG as a widely adopted

modality in stress recognition, providing an important foundation for subsequent devel-

opments in both modeling techniques and experimental design.

Before the widespread adoption of deep learning techniques, a large body of research

on emotional stress recognition relied on manually designed features extracted from physi-

ological signals combined with classical machine learning classifiers. In the context of ECG

based stress recognition, commonly used features include time domain and frequency do-

main cardiac descriptors, such as heart rate related measures and heart rate variability in-

dicators, which are derived from domain knowledge to reflect stress induced changes in

autonomic nervous system activity. Representative studies typically followed a pipeline of

feature extraction, feature selection, and conventional classification using methods such

as SVM, Naïve Bayes, or other classical models. For example, Cheema et al. proposed a

framework for the detection of psychological stress based on cardiac-sound, using EMD

with phase space reconstruction for feature extraction and an RBF-SVM classifier, and re-

ported improved performance over a baseline ECG method LF/HF [49]. Similarly, Tanev et

al. extracted linear and non-linear HRV features from the sternal ECG, selected informative

features via forward sequential search, and used a leave-one-out Naïve Bayesian classifier

for multi-stage acute-stress classification [50]. Overall, feature based approaches played

an important role in early stress recognition studies by providing interpretable represen-

tations and relatively low computational complexity, although their effectiveness is often

influenced by feature design choices, preprocessing quality, and inter-subject variability

across different experimental conditions.
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With the increasing availability of physiological datasets and advances in computa-

tional resources, deep learning based approaches have been progressively adopted for emo-

tional stress recognition [51]. Unlike feature based methods that rely on manually designed

descriptors, deep learning models aim to learn discriminative representations directly from

raw or minimally processed physiological signals. In ECG based stress recognition, var-

ious neural network architectures have been explored to capture temporal patterns and

nonlinear relationships associated with stress induced physiological changes. These ap-

proaches have demonstrated improved modeling flexibility and reduced dependence on

handcrafted feature design, enabling end to end learning frameworks under controlled ex-

perimental settings [52]. As a result, deep learning has become a prominent methodologi-

cal direction in recent stress recognition research, particularly in scenarios where complex

temporal dynamics and subtle signal variations need to be modeled.

Table 2.1: Comparison between traditional and deep learning-based methods for multi-
modal stress recognition.

Appr-
oach

Feature
method

Data scale
Interpre-
tability

Fusion
type

Alignment
Deployment
cost

General-
ization

Sensit-
ivity

Machine
Learn-
ing

Manual
feature
extraction

Can work
with small
datasets

High

Mostly
early or
decision-
level
fusion

Requires
manual
synchro-
nization or
prepro-
cessing

Low com-
putational
resources
required;
suitable for
edge
devices

Relatively
robust in
low-
variance
tasks

More
reliant on
individual
feature
quality

Deep
Learn-
ing

Automatic
feature
learning
via deep
networks

Requires
large-
scale,
labeled
data for
optimal
perfor-
mance

Low;
needs
XAI tools
such as
SHAP or
Grad-
CAM

Supports
mid-level
fusion via
attention
or KAN
mecha-
nisms

Can model
inter-
modal
dynamics
and delays

High com-
putational
cost;
lightweight
models
needed for
deployment

Sensitive
to
overfitting
without
regulariza-
tion or
transfer
learning

Better at
capturing
high-order
correla-
tions
between
modalities

To provide a clearer and more structured overview of the methodological character-

istics discussed above, Table 2.1 summarizes key differences between traditional feature

based machine learning approaches and deep learning based methods in physiological

stress recognition. The comparison is organized around aspects that are frequently consid-

ered in the design and evaluation of stress recognition systems, including feature extrac-

tion strategy, data requirements, interpretability, fusion characteristics, deployment cost,
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and sensitivity to generalization. These dimensions reflect not only differences in modeling

techniques, but also practical considerations related to data availability, system complexity,

and applicability across varying experimental conditions. Rather than evaluating perfor-

mance outcomes, the table highlights representative methodological properties commonly

reported in the existing literature, serving as a structured reference for understanding pre-

vailing research trends.

To address the limited discriminative capability of single modality physiological signals,

a substantial body of research has explored multimodal approaches for emotional stress

recognition. By combining complementary biosignals, such as ECG, EDA, and EMG, these

methods aim to capture different aspects of stress related physiological responses that may

not be fully observable from a single signal source. Multimodal studies typically report im-

proved robustness and representation richness under controlled experimental conditions,

reflecting the potential benefits of integrating heterogeneous physiological information.

For example, Zhang et al. proposed an end-to-end cross-modal attention based fusion

model that aligns and integrates multimodal physiological signals while suppressing re-

dundant or noisy information, and reported improved stress recognition performance on

benchmark datasets [53]. More broadly, Mahato et al. reviewed advances in multimodal

hybrid wearable sensors that simultaneously track biophysical and biochemical signals,

and highlighted the importance of integrating AI driven fusion and predictive algorithms

for real time and comprehensive health assessment [54]. However, the adoption of multi-

modal sensing also introduces additional system level considerations, including increased

sensor requirements, signal alignment complexity, and higher computational demands. As

a result, while multimodal approaches represent an important research direction in phys-

iological stress recognition, their practical feasibility and deployment constraints remain

closely tied to the specific application context.

Despite the methodological advances reported in existing studies, the translation of

physiological stress recognition methods from controlled laboratory settings to real world

applications remains a challenge. Many approaches are evaluated under carefully designed

experimental protocols with limited environmental variability, which may not fully reflect

the conditions encountered in daily life [55]. In practical scenarios, physiological signals are

often affected by motion artifacts, sensor placement variability, and individual differences,

leading to increased uncertainty in stress related patterns [56]. Furthermore, system level

constraints, such as sensor availability, computational resources, and energy consumption,

impose additional limitations on the deployment of complex recognition models in wear-

able and real time settings [57]. These practical considerations highlight the gap between
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experimental performance and real world applicability in physiological stress recognition

research.

In summary, existing research on physiological stress recognition has explored a wide

range of methodological approaches, spanning single modality and multimodal signal anal-

ysis, feature based modeling, and deep learning frameworks. While these studies demon-

strate the feasibility of using physiological signals, particularly ECG, for stress recognition,

they also reveal notable challenges related to discriminative capability, data dependency,

system complexity, and practical deployment. To better understand these challenges and

to clarify the assumptions underlying different research directions, it is necessary to exam-

ine the key theoretical foundations and conceptual frameworks that support physiological

stress recognition. Accordingly, the next section introduces the essential theories and con-

cepts that underpin the methods and experimental designs discussed in the literature.

2.2 Key Theories and Concepts

Building upon the overview of existing research presented in the previous section, this

section introduces key theories and concepts that underpin physiological stress recogni-

tion. The purpose of this section is not to review specific algorithms, but to clarify the

foundational assumptions and conceptual frameworks that guide the interpretation, mod-

eling, quantification, and evaluation of stress related physiological signals. To this end,

the section is organized into two main parts. First, the physiological basis of emotional

stress and the fundamental characteristics of physiological signals are discussed to explain

how stress related responses are indirectly reflected in biosignals. Second, common mod-

eling paradigms and approaches to stress formulation and quantification adopted in stress

recognition research are introduced to outline how stress related information is typically

represented, inferred, and assessed. Together, these concepts provide the theoretical foun-

dation for the methodological framework developed in the following chapter.

2.2.1 Physiological Basis of Emotional Stress

Emotional stress activates the autonomic nervous system, leading to measurable physi-

ological changes in multiple bodily systems, including cardiovascular regulation, muscle

activity, and sweat gland secretion. These responses can be captured through non-invasive

physiological signals such as ECG, EMG, and EDA, which reflect complementary aspects

of sympathetic and parasympathetic modulation. Compared to subjective assessments,
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physiological signals provide continuous, real-time, and objective observations of stress-

related responses. However, these signals do not directly encode psychological states; in-

stead, they serve as indirect proxies whose interpretation depends on the underlying phys-

iological mechanisms and contextual factors. Understanding the physiological basis and

signal characteristics of these modalities is, therefore, essential for interpreting stress-related

patterns and for motivating subsequent modeling and quantification strategies.

ECG is one of the most widely used physiological modalities for stress assessment due

to its sensitivity to autonomic nervous system regulation and its compatibility with wear-

able monitoring. Emotional stress is commonly associated with increased sympathetic ac-

tivation and reduced parasympathetic influence, resulting in changes in heart rate dynam-

ics and cardiac waveform morphology. Such effects have been reflected in alterations in

heart rate variability indices as well as variations in PQRST components, including QRS

duration and QT interval [11, 58, 59]. Although certain frequency-domain measures remain

subject to methodological debate [60], they continue to be widely applied as non-invasive

indicators of stress-related autonomic shifts [61]. Representative ECG waveform structures

and stress-related variations are illustrated in Figure 2.1, highlighting the physiological rel-

evance of ECG in emotional stress monitoring.
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Figure 2.1: Heart beat structure diagram.

EMG captures the electrical activity of skeletal muscles and reflects neuromuscular re-

sponses influenced by autonomic and central nervous system activation during emotional

stress. Increased sympathetic arousal is often associated with elevated muscle tension and

altered motor unit firing behavior, which can be observed as changes in EMG amplitude
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and spectral characteristics, particularly in facial and upper limb muscles [62, 63]. These re-

sponses provide useful indicators of sustained physiological arousal and have been linked

to stress and anxiety-related conditions [64]. Typical EMG waveform patterns are shown

in Figure 2.2. Nevertheless, EMG signals are highly sensitive to motion artifacts, electrode

placement, and inter-individual variability, which can limit their standalone reliability in

stress recognition tasks [65].

Figure 2.2: Typical intramuscular EMG waveforms.

EDA reflects changes in skin conductance driven by sweat gland activity under sym-

pathetic nervous system control and is particularly sensitive to emotional and cognitive

arousal [66]. Stress-related activation typically manifests itself as variations in the level of

tonic skin conductance and transient phasic responses, characterized by features such as

amplitude, rise time, and recovery rate [67]. An example of a skin conductance response is

shown in Figure 2.3. Although EDA provides rapid and sensitive indicators of sympathetic

activation, it is also affected by environmental conditions and individual differences in skin

properties, which can reduce robustness when used in isolation [68].
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Figure 2.3: Example of a Skin Conductance Response (SCR) curve.

Although ECG, EMG, and EDA capture different physiological responses to emotional

stress, none of these modalities alone can fully represent the complex relationship between

psychological states and bodily reactions. ECG primarily reflects cardiovascular regulation,

EMG captures muscle activation patterns, and EDA indexes sympathetic arousal, yet each

modality is constrained by noise, non-stationarity, and sensitivity to contextual and indi-

vidual factors [69, 70]. Table 2.2 provides a comparative summary of the key characteristics,

advantages, and limitations of these signals in stress recognition contexts, illustrating their

complementary functions and motivating their combined use in multimodal systems.

Table 2.2: Comparative summary of ECG, EMG, and EDA in emotional stress detection.

Dimension Electrocardiogram (ECG)
Electromyography
(EMG)

Electrodermal Activity
(EDA)

Key Feature
Indicators

HRV (SDNN, LF/HF),
QTc, PQRST morphology

RMS, mean frequency,
facial/limb MUAP
waveforms

SCL, SCR amplitude, rise
time, recovery time

Stress-Related
Changes

HRV reduction, waveform
variation

Increased muscle tension,
amplitude changes

Increased SCR frequency
and amplitude

Advantages
Clinically mature,
wearable compatible

Direct reflection of
muscle activation

High sensitivity to
sympathetic activity

Limitations
Motion artifacts,
inter-individual
variability

Electrode sensitivity,
noise

Environmental and
skin-property
dependence

In general, the physiological signals discussed above provide the empirical basis for

emotional stress recognition, but their indirect nature and inherent variability impose fun-

damental constraints on how stress-related information can be interpreted and quantified.
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These characteristics underscore the need for appropriate modeling assumptions, stress

formulations, and evaluation strategies beyond raw signal observation. Consequently, the

next subsection introduces common modeling and quantification paradigms that formal-

ize emotional stress for computational inference and performance assessment.

2.2.2 Modeling and Quantification of Emotional Stress

Building on the physiological foundations discussed in the previous subsection, this sub-

section focuses on how emotional stress is modeled and quantified in computational stress

recognition research. As emotional stress cannot be observed or measured directly, mod-

eling choices play a central role in translating physiological responses into interpretable

output. Rather than describing specific algorithms, this subsection introduces common

conceptual frameworks that underlie stress formulation, supervised learning assumptions,

label construction, and performance evaluation. These concepts establish a shared under-

standing of how stress related information is represented and assessed, and they provide

the conceptual basis for the methodological design presented in the following chapter.

In computational stress recognition, emotional stress is generally regarded as a latent

construct rather than a directly observable quantity [71]. Unlike physiological signals that

can be measured through sensors, stress represents an internal psychological state that

must be inferred from indirect observations [72]. Physiological responses such as changes

in cardiac activity, muscle tension, or skin conductance reflect autonomic and neurophysi-

ological processes associated with stress, but they do not constitute explicit measurements

of stress itself. As a result, stress recognition relies on the assumption that consistent and

informative relationships exist between underlying psychological states and observable

physiological patterns. This indirect nature highlights the importance of clearly defining

how stress is conceptualized before it is modeled or quantified.

Given that emotional stress is treated as a latent construct, computational stress recog-

nition systems must adopt explicit formulations to represent stress in a form that can be

learned and inferred. In existing research, stress is commonly formulated using discrete

categorical labels, ordinal levels, or continuous-valued representations, depending on the

experimental design and application context [73, 74]. Binary formulations often distinguish

between stress and non-stress conditions, providing a simplified abstraction that facilitates

robust classification under limited data conditions [75]. Multi-level or ordinal formula-

tions aim to capture graded stress intensity by defining ordered categories, such as low,

moderate, and high stress, while continuous formulations seek to model stress as a con-

tinuous variable that reflects gradual variations in psychological or physiological load [76].
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Each formulation entails different modeling assumptions regarding the nature of stress re-

sponses, the separability of physiological patterns, and the interpretability of model out-

put. Consequently, the choice of stress formulation directly influences how physiological

signals are mapped to model predictions, how performance is quantified, and how results

are interpreted within a given research setting.

Within most computational stress recognition studies, emotional stress modeling is

commonly approached from a supervised learning perspective, in which physiological ob-

servations are mapped to predefined stress labels or scores [77]. In this paradigm, learning

models aim to identify statistical regularities and discriminative patterns that differenti-

ate stress-related states based on extracted physiological features. This formulation implic-

itly assumes that the available labels provide a consistent representation of the underlying

psychological condition and that the observed physiological signals contain sufficient in-

formation to support a meaningful separation between stress categories or levels. In prac-

tice, supervised modeling further assumes a degree of stability in the relationship between

physiological responses and stress states over time and experimental conditions [78]. Al-

though these assumptions enable tractable learning and evaluation, they also shape how

model outputs should be interpreted, as predictions primarily reflect learned statistical as-

sociations rather than direct measurements of emotional stress [79].

In supervised stress recognition, the construction of labels plays a central role in defin-

ing what the model is expected to learn and predict [80]. As emotional stress cannot be

directly measured, ground truth labels are typically derived from indirect sources, such as

experimental task design, self reported assessments, or protocol based segmentation of ex-

perimental sessions. These labels serve as operational representations of stress states and

provide a reference against which model outputs are evaluated. Importantly, such labels

reflect the assumed associations between experimental conditions, subjective experience,

and physiological responses, rather than objective measurements of stress itself [81]. Con-

sequently, label construction inherently embeds modeling assumptions regarding tem-

poral alignment, stress intensity, and inter subject consistency, which influence both the

learning process and the interpretation of recognition results.

Once emotional stress is formulated within a supervised learning framework and repre-

sented through constructed labels, model performance must be quantified using appropri-

ate evaluation measures. In physiological stress recognition research, performance is com-

monly assessed through classification based metrics that summarize the degree of agree-

ment between model predictions and reference labels [82]. Such metrics provide a stan-

dardized means of comparing different modeling approaches and experimental settings,
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allowing researchers to evaluate whether learned representations can consistently distin-

guish between predefined stress states or levels. Importantly, these quantitative measures

characterize model behavior with respect to the adopted stress formulation and labeling

scheme, rather than offering direct validation of the underlying psychological construct

[83]. As a result, performance evaluation should be understood as an assessment of pre-

dictive consistency and discriminative capability under given assumptions, rather than as

a direct measure of stress intensity or physiological validity.

In general, modeling and quantification of emotional stress involve a series of concep-

tual choices that shape how physiological signals are interpreted and evaluated in com-

putational stress recognition research. From treating stress as a latent construct, to select-

ing appropriate formulation strategies, adopting supervised learning assumptions, con-

structing reference labels, and quantifying predictive performance, each step introduces

assumptions that influence both model behavior and result interpretation. These consid-

erations establish a coherent conceptual framework for understanding how stress related

information is represented and assessed prior to methodological implementation. Building

on this framework, the following section examines gaps and open challenges in the existing

literature, highlighting unresolved issues that motivate the methodological developments

presented in this thesis.

2.3 Gaps in the Literature

Despite substantial progress in physiological stress recognition, existing studies continue

to face unresolved challenges in balancing recognition performance and practical deploy-

ability. Previous research has demonstrated that both single-modality and multimodal ap-

proaches can achieve promising results in controlled experimental settings. However, im-

provements in recognition accuracy are often accompanied by increased system complex-

ity, stronger sensing requirements, or heavier computational demands, which limit appli-

cability in real-world and wearable scenarios. As a result, there remains a persistent gap

between methodological advances reported in the literature and the practical constraints

imposed by realistic stress monitoring applications. The following discussion identifies key

gaps that hinder the effective translation of current stress recognition methods into de-

ployable systems, with particular emphasis on ECG-based recognition under constrained

inference conditions.

Although ECG-based stress recognition has demonstrated promising performance in

several studies, its discriminative capability and robustness remain limited under realis-
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tic conditions. Existing work has shown that combining handcrafted HRV features with

deep representations extracted from ECG signals can yield high recognition accuracy in

controlled settings. For example, Zhou et al. integrated GMM-processed HRV features with

CNN-learned ECG representations and achieved high recognition performance in different

stress states [84]. However, such results are often obtained using relatively small datasets

and protocol-specific stress induction paradigms, which can introduce confounding fac-

tors and restrict generalizability. Similarly, Ramteke et al. reported a strong performance

using an attention-guided dual-stream BiLSTM framework based on ECG-derived HRV and

time-spectral sequences [85]. Despite the reported accuracy gains, this approach relies on

pre-computed features and a relatively complex model design, raising concerns regard-

ing end-to-end learning capability, overfitting under limited data, and suitability for real-

time deployment. These examples illustrate while single-modality ECG-based methods can

achieve high performance under favorable conditions, their stability, generalization, and

practicality remain insufficiently addressed in the existing literature.

Multimodal physiological approaches have been widely explored to enhance stress recog-

nition performance by leveraging complementary information across different modalities.

Recent studies demonstrate that integrating heterogeneous signals and advanced model

architectures can lead to notable accuracy gains in benchmark datasets. For instance, Yang

et al. transformed multimodal physiological signals into image-based representations us-

ing time series encoding techniques and trained a two-dimensional convolutional net-

work for multi-class stress recognition [86]. While this strategy achieved competitive per-

formance, it relies on a multi-stage, non end-to-end pipeline that introduces additional

processing complexity and may limit scalability and real-time applicability. Moreover, the

integration of multiple modalities can introduce redundancy and noise, potentially lead-

ing to performance saturation when class imbalance and deployment constraints are not

explicitly addressed. Similarly, Bhatt et al. proposed a multimodal fusion framework com-

bining physiological parameters with visual information and ensemble-based classifica-

tion to achieve high stress recognition accuracy [87]. Despite strong reported results, the

approach depends heavily on complex sensing configurations and large model ensembles,

while limited data availability and observed confusion between adjacent stress levels raise

concerns regarding reproducibility, generalization, and practical deployment. These stud-

ies highlight that although multimodal methods can improve recognition performance,

their increased algorithmic complexity and sensing requirements often hinder applicabil-

ity in resource-constrained and real-world stress monitoring scenarios.

Beyond model architecture and modality selection, a notable gap in the literature lies
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in how supervision is constructed and transferred during training, particularly when mul-

timodal information is involved. Several studies attempt to exploit multimodal physiolog-

ical signals to derive richer supervision signals; however, the resulting representations are

not always robust or well aligned with fine-grained stress inference. For example, He et

al. used baseline-normalized multimodal physiological features and unsupervised clus-

tering to generate pseudo-labels for anxiety recognition, which were then used to train

subject-independent classifiers [88]. Although this approach demonstrated moderate clas-

sification performance, the limited cluster separability and overlapping stress levels sug-

gest that noisy supervision can constrain reliable discrimination and generalization. Sim-

ilarly, Wang et al. proposed a multimodal fusion framework augmented with a symbolic

regression based analyzer to enhance interpretability in stress prediction [89]. Despite the

high reported accuracy, the method exhibits sensitivity to temporal window length and

model complexity, and the inclusion of computationally expensive symbolic components

raises concerns about scalability and real-time deployment. These studies indicate that al-

though multimodal supervision can enrich training signals, existing approaches often lack

a principled mechanism to decouple complex training supervision from efficient and sta-

ble inference objectives.

Recent studies have begun to explore cross-modal knowledge transfer as a means of

leveraging rich multimodal information to improve stress recognition performance. Such

approaches aim to align or distill representations across modalities in order to enhance

learning under limited or heterogeneous data conditions. For instance, Gao et al. proposed

a multimodal framework that integrates facial, EEG, and ECG signals through feature dis-

entanglement, cross-modal Transformer alignment, and graph-based knowledge distilla-

tion, achieving strong recognition results on benchmark datasets [90]. However, the ef-

fectiveness of this approach is closely tied to a highly complex training pipeline involving

pre-trained feature extractors and multiple loss functions, and its performance is strongly

influenced by the dominant modality, particularly EEG. Moreover, reported ablation re-

sults suggest that the stability of cross-modal distillation may degrade under domain dis-

crepancies, while the reliance on continuous facial video and multi-channel EEG acquisi-

tion limits practical wearable deployment. Similarly, Aravinth et al. introduced a dynamic

cross domain transfer learning framework that combines multimodal signals with domain-

adversarial learning and online personalization to improve stress recognition across do-

mains [91]. Although promising results have been reported, the proposed architecture in-

volves substantial implementation overhead and depends on high-quality multimodal sens-

ing, while the inclusion of online fine-tuning raises concerns about stability, controllabil-
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ity, and suitability for real-world applications. These studies indicate that, despite grow-

ing interest in cross-modal knowledge transfer, existing methods remain constrained by

complexity and modality dependence, and lack a systematic pathway for translating mul-

timodal training advantages into efficient and reliable ECG-only inference.

Another persistent gap in the literature concerns the lack of a unified approach to bal-

ance representation power, computational efficiency, and practical deployability in stress

recognition models. Recent work has shown that compact deep architectures can achieve

high recognition accuracy while meeting edge deployment constraints. For example, Cvetkovic

et al. proposed a lightweight residual convolutional network optimized for edge devices

through architectural simplifications and post-training quantization, achieving real-time

inference with strong performance [92]. However, the reported results rely heavily on highly

overlapped input windows, and performance degradation under aggressive quantization

raises concerns regarding strict generalization validity and ultra-low-power deployment. In

parallel, system-level frameworks have been proposed to standardize multimodal analysis

and deployment pipelines. Li et al. introduced a low-code framework that enables repro-

ducible multimodal modeling and executable deployment across multiple physiological

tasks [93]. Despite its practical utility, the framework primarily supports offline processing

and limited fusion strategies, and its modality coverage remains incomplete for real-time

wearable stress monitoring. These studies illustrate a broader disconnect in the literature,

where models that emphasize efficiency often sacrifice robustness or generalization, while

systems that support complex modeling remain difficult to deploy in resource-constrained

settings. As a result, a cohesive framework that jointly addresses model expressiveness, ef-

ficiency, and practical usability remains insufficiently explored.

In summary, the existing literature on physiological stress recognition reveals a set of

interrelated gaps that limit the practical translation of current methods. Single-modality

ECG-based approaches continue to face challenges in robustness and generalization under

realistic conditions, while multimodal systems, although capable of improving recognition

performance, often incur substantial sensing and computational overhead. Furthermore,

current studies rarely provide a systematic mechanism to decouple complex multimodal

training from efficient and stable inference, and cross-modal knowledge transfer strategies

remain constrained by model complexity, modality dependence, and deployment feasibil-

ity. At the system level, the lack of unified treatment for model expressiveness, efficiency,

and usability further exacerbates the gap between methodological advances and real-world

application requirements. These unresolved issues collectively highlight the need for stress

recognition frameworks that can effectively leverage rich multimodal information during
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training while maintaining practical, efficient, and reliable inference. The following section

outlines how the current study addresses these gaps and positions its contributions within

the broader research landscape.

2.4 Relevance to the Current Study

Building upon the gaps identified in the preceding section, the current study is designed to

address key challenges that limit the practical applicability of existing physiological stress

recognition methods [94]. In particular, this research focuses on the tension between recog-

nition performance and deployability, with an emphasis on ECG-based stress recognition

under constrained inference conditions [95]. Rather than pursuing increased sensing com-

plexity or fully multimodal inference, the study adopts a research perspective that prior-

itizes practical deployment while seeking to enhance representation quality through in-

formed training strategies. This positioning directly responds to the limitations observed

in previous work and establishes the rationale for the methodological choices presented in

subsequent chapters.

The emphasis on ECG as the core modality during inference is motivated by practi-

cal considerations associated with real-world and wearable stress monitoring. Compared

with other physiological signals, ECG offers a favorable balance between physiological rele-

vance, sensing stability, and long-term wearability, making it suitable for continuous mon-

itoring outside controlled laboratory environments [96]. Although additional modalities

such as EMG or EDA can provide complementary information, their integration at the in-

ference stage often introduces increased sensing burden, synchronization requirements,

and susceptibility to motion or environmental interference. By focusing on ECG inference,

the current study aligns its design with deployment constraints commonly encountered

in wearable applications, where simplicity, robustness, and reliability are essential. This

choice reflects an application-driven perspective that prioritizes feasible stress recognition

under realistic operating conditions.

Given the limited discriminative capacity of single-modality ECG signals under realis-

tic conditions, the current study adopts a research paradigm that differentiates between

the roles of training and inference. Although ECG is retained as the sole modality in the

inference stage, richer physiological information from complementary signals can provide

valuable supervision during model development [97]. This approach enables the learning

process to take advantage of cross-modal physiological signals and shared stress-related

patterns without imposing additional sensing requirements during the application. This

25



CHAPTER 2. LITERATURE REVIEW

perspective addresses a recurring limitation in existing studies, where multimodal infor-

mation is typically coupled with both training and inference, leading to increased system

complexity and reduced deployability. By conceptually separating multimodal supervision

from practical inference, the study positions multimodal information as a training resource

rather than a deployment dependency, thus reconciling the benefits of multimodal learn-

ing with the constraints of real-world stress monitoring.

Although this study includes the construction and use of a task-driven physiological

dataset, its primary contribution lies in the development and examination of an algorith-

mic framework rather than in the expansion of the dataset. The role of the collected data is

to support methodological validation and to provide complementary evidence alongside

public benchmarks, rather than to serve as a large-scale or comprehensive resource. Given

the practical constraints associated with physiological data acquisition, the study does not

aim to exhaustively explore data diversity or population coverage. Instead, the experimen-

tal design is structured to assess how the proposed research perspective performs under

controlled and reproducible conditions. This emphasis ensures that the study findings are

interpreted in relation to algorithmic effectiveness and design choices, rather than being

conflated with the scale or breadth of the collection of the dataset.

In summary, the design considerations outlined in this section establish a coherent re-

search perspective to address practical challenges in ECG-based emotional stress recog-

nition. By focusing on inference on ECG signals, leveraging complementary physiologi-

cal information during training, and highlighting algorithmic design under realistic con-

straints, the current study aims to bridge the gap between methodological effectiveness

and real-world applicability. This perspective directly informs the methodological choices

adopted throughout the study and provides a structured rationale for the proposed frame-

work. Based on these considerations, the following chapter presents the methodological

approach developed to operationalize this research perspective, including model formula-

tion, training strategy, and evaluation protocol.
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T
his chapter presents the methodological framework adopted in this study for ECG

based stress recognition under practical deployment constraints [98]. The proposed

methodology is designed to balance recognition performance with real world appli-

cability by prioritizing robustness simplicity and inference efficiency. Rather than pursuing

increasingly complex sensing configurations or fully multimodal inference pipelines, the

method focuses on ECG as the primary modality during inference while leveraging com-

plementary physiological signals during training to enhance representation learning [99].

The overall design follows a unified pipeline across multiple datasets including pub-

lic benchmarks and a self collected database while allowing dataset specific adaptations

where required by differences in acquisition protocols and temporal structure. Signal pro-

cessing strategies model architectures and the training procedures are jointly designed to

support this unified framework. In particular, a teacher student learning paradigm based

on knowledge distillation is employed to transfer information learned from multimodal

training data to a lightweight ECG only inference model [100]. This design enables an im-

proved discriminative capability without increasing the sensing burden or inference com-

plexity.

The remainder of this chapter details the research design signal processing and model

architecture training and evaluation protocol as well as the methodological assumptions

and constraints underlying the proposed approach.
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3.1 Research Design

This study adopts an engineering oriented research design that focuses on methodolog-

ical effectiveness under practical deployment constraints [101]. Rather than pursuing in-

creasingly complex sensing configurations or laboratory specific solutions, the proposed

approach emphasizes robustness simplicity and inference efficiency in real world wearable

scenarios. The research problem is formulated around ECG based stress recognition, where

the primary objective is to achieve reliable discrimination performance while maintaining

a minimal sensing and inference footprint [102]. Consequently, the methodological design

prioritizes algorithmic strategies that improve the quality of the representation without in-

creasing the complexity of the system at the inference stage.

A key aspect of the research design is the deliberate distinction between the training

stage and the inference stage in terms of modality usage [103]. During inference the method

relies exclusively on ECG signals due to their favorable balance between physiological rel-

evance sensing stability and long term wearability. This choice reflects practical consid-

erations in real world deployment where minimizing sensor count and system complex-

ity is essential. In contrast, additional physiological signals are incorporated only during

training to provide complementary information that supports more informative represen-

tation learning [104]. By separating the roles of training and inference, the proposed design

leverages multimodal information without imposing additional sensing or computational

requirements at deployment time.

To support a robust evaluation of the proposed methodology, the research design incor-

porates multiple datasets drawn from both public benchmarks and a self collected database.

These datasets differ in acquisition protocols temporal organization and signal character-

istics, which reflects the diversity commonly encountered in practical applications. Rather

than tailoring the method to a specific dataset a unified methodological framework is adopted

across all data sources [105]. Dataset specific adaptations are introduced only where nec-

essary to accommodate differences in signal structure and annotation schemes while the

core processing pipeline model architecture and training strategy remain consistent. This

design enables a systematic assessment of the proposed approach under varying data con-

ditions while maintaining methodological coherence.

Based on the research design outlined above, the remainder of this chapter details the

methodological components of the proposed approach. Section 3.2 describes the signal

processing strategy and the overall model architecture. Section 3.3 presents the training

procedure and evaluation protocol used to assess model performance. Section 3.4 dis-
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cusses the methodological assumptions and constraints that define the scope of the study.

This chapter concludes with a brief summary of the proposed methodology.

3.2 Signal Processing and Model Architecture

This section describes the signal processing strategy and model architecture that together

form the core of the proposed ECG based stress recognition framework [106]. The design of

this section emphasizes a clear separation between signal representation and learning ar-

chitecture while maintaining a unified interface across all datasets [107]. Signal processing

is formulated to produce standardized window level inputs that are compatible with the

downstream models, whereas the model architecture is designed to support effective rep-

resentation learning under constrained inference conditions. By jointly considering signal

processing and architectural design, the proposed framework establishes a consistent and

deployment oriented foundation for subsequent training and evaluation procedures.

3.2.1 Unified Signal Processing Pipeline

This subsection presents a unified signal processing pipeline that serves as the front end

of the proposed ECG based stress recognition framework. The primary objective of this

pipeline is to transform heterogeneous raw physiological recordings into a standardized

representation that can be processed consistently by subsequent learning models. Given

the diversity of data sources considered in this study, including datasets with different

acquisition protocols temporal structures and annotation schemes, the signal processing

stage is designed to abstract away dataset specific irregularities while preserving physio-

logically meaningful information. Rather than relying on dataset dependent heuristics, the

pipeline emphasizes a principled organization of signals in the temporal domain to es-

tablish a common input interface. Through this design, the signal processing stage func-

tions not only as a preparatory step but also as an integral methodological component that

ensures coherence between data representation and model architecture across all experi-

ments [108].
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Figure 3.1: Unified signal processing pipeline diagram.

An overview of the unified signal processing pipeline is illustrated in Figure 3.1, which

summarizes the sequential operations applied to raw physiological recordings prior to the

input of the model. As shown in the diagram, raw signals are first organized according to

their temporal alignment, with boundaries defined by trial or segment information and

event locked selection used where applicable. The aligned signals are then segmented into

fixed duration windows without overlap, forming the basic units for subsequent analysis.

To ensure data reliability, a quality control step is applied to remove windows that contain

invalid samples or violate predefined stability criteria. Following these steps, all retained

windows are represented in a standardized window level format, which serves as the di-

rect input to the downstream learning models. This structured processing flow establishes

a consistent transformation from raw signals to model ready representations, enabling co-

herent integration of heterogeneous data sources within a unified framework.

Within the unified pipeline, window level representation is adopted as the fundamental

unit for subsequent modeling. Each retained signal segment is expressed as a fixed length

temporal window, which provides a consistent and bounded input structure for learning
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based models [109]. This design enables efficient batch processing and stable optimization

while avoiding the variability associated with variable length sequences. In addition, the

use of non overlapping windows reduces redundancy between samples and limits tempo-

ral dependency across adjacent inputs, which is particularly important for preventing in-

formation leakage during subject level evaluation [110]. By representing signals at the win-

dow level, the pipeline establishes a balance between preserving local temporal dynamics

and maintaining computational tractability, making the resulting representations suitable

for both training and inference under constrained deployment settings.

Table 3.1: Comparative summary of ECG, EMG, and EDA signal processing and represen-
tation.

Dimension ECG EMG EDA

Signal
representation

Continuous ECG
waveform segmented
into fixed-length
windows

Multi-channel EMG
signals averaged and
segmented into
fixed-length windows

Continuous EDA (GSR)
signal segmented into
fixed-length windows

Sampling &
alignment

Resampled and aligned
to a unified temporal grid

Resampled and
temporally aligned with
ECG

Resampled and
temporally aligned with
ECG

Windowing
strategy

Non-overlapping
windows with enforced
temporal boundaries

Same non-overlapping
windowing strategy as
ECG

Same non-overlapping
windowing strategy as
ECG

Temporal
boundary
control

Windows constrained
within valid task phases
and trials

Windows constrained to
match ECG temporal
boundaries

Windows constrained to
match ECG temporal
boundaries

Label
assignment

Window-level labels
derived from task phase
annotations

Inherits window-level
labels aligned with ECG

Inherits window-level
labels aligned with ECG

Noise and
artifact handling

Structural rejection of
invalid samples; no
explicit filtering

Structural rejection of
invalid samples; no
explicit filtering

Structural rejection of
invalid samples; no
explicit filtering

Missing data
policy

Discarded if containing
NaN, inf, or corrupted
packets

Discarded if containing
NaN or invalid values

Discarded if containing
NaN or invalid values

Output format
Saved as unified
window-level tensors
with metadata

Saved as unified
window-level tensors
with metadata

Saved as unified
window-level tensors
with metadata
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To further clarify the unified design principles across different signal modalities, Ta-

ble 3.1 provides a comparative summary of the signal processing and representation strate-

gies adopted for ECG, EMG, and EDA. As illustrated in the table, although these modalities

differ in their raw signal characteristics and channel configurations, they are processed ac-

cording to a shared set of structural constraints, including window level representation,

non overlapping segmentation, temporal boundary enforcement, and standardized output

formatting. Modality specific handling is limited to the initial organization and alignment

stages, ensuring that all signals ultimately conform to a common window based interface.

This design allows multimodal information to be incorporated during training without in-

troducing heterogeneity at the model input level. By explicitly distinguishing unified pro-

cessing principles from modality dependent adaptations, the proposed pipeline maintains

methodological consistency while supporting flexible integration of heterogeneous physi-

ological signals.

In summary, the unified signal processing pipeline establishes a consistent transforma-

tion from raw physiological recordings to standardized window level representations that

are suitable for downstream learning models. By emphasizing temporal organization struc-

tural constraints and controlled adaptation, the pipeline ensures that variations across

datasets and signal modalities are handled prior to model input without affecting the learn-

ing architecture. This design provides a stable and coherent interface between data and

models, allowing subsequent algorithmic components to focus on representation learning

rather than dataset specific irregularities. Building upon this unified input foundation, the

next subsection introduces the overall algorithm framework that operates on these stan-

dardized representations.

3.2.2 Overall Algorithm Framework

The overall algorithm framework of the proposed approach is illustrated in Figure 3.2, which

depicts the end to end information flow from preprocessed physiological signals to final

classification outputs. As shown in the figure, the standardized window level representa-

tions produced by the unified signal processing pipeline serve as the common input inter-

face for all subsequent components. The framework explicitly separates the training stage

from the inference stage, reflecting the different functional requirements in each phase.

During training, multimodal physiological signals are utilized to support richer represen-

tation learning, while during inference the system operates exclusively on ECG signals to

ensure the feasibility of deployment. This system level organization clarifies how signal

processing, model architecture, and stage specific operation are integrated into a coher-
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Figure 3.2: Overall framework of the proposed teacher student architecture with unified
signal processing and knowledge distillation based training.

ent pipeline, providing the structural context for the detailed network designs described in

the following subsections.

Within the proposed framework, teacher and student networks are designed to ful-

fill complementary roles that together balance representational capacity and deployment

constraints. The teacher network operates exclusively during the training stage and is al-

lowed to leverage multimodal physiological input to capture richer and more discrimina-

tive patterns that may not be fully observable from a single modality. By contrast, the stu-

dent network is designed as a compact model that relies solely on ECG signals and serves as

the final inference engine of the system. Although the two networks differ in input modali-

ties and architectural complexity, they are aligned at the output level through a shared pre-

diction space, which enables effective transfer of supervisory information during training.

This explicit separation of roles allows the framework to exploit multimodal information

when available while preserving a lightweight and practical configuration for real world in-
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ference, thereby addressing the inherent trade off between performance and deployability

in physiological stress recognition systems.

3.2.2.1 Teacher Network

The teacher network is designed as a high capacity multimodal model that operates during

the training stage of the proposed framework. Its primary function is to learn a strong and

informative representation of the physiological state by jointly leveraging complementary

information from ECG, EDA, and EMG signals, all of which are provided in the standardized

window level format produced by the unified signal processing pipeline. Compared with a

single modality input setting, this multimodal configuration enables the teacher to cap-

ture richer discriminative patterns that may be weak or ambiguous when observed from

ECG alone, particularly when physiological responses are subtle or partially confounded

by noise and individual variability [111]. Structurally, the teacher is formulated as a se-

quence of modality specific feature encoders followed by a token based fusion module

and a classification head, producing logits in the task prediction space. In the overall sys-

tem, the teacher serves as a reference model that establishes a strong supervisory signal

for subsequent learning stages, while the final deployment objective remains centered on

an ECG only student model. The detailed architectural components of the teacher network

are described in the following paragraphs, focusing on its input representation, modality

encoding, fusion mechanism, and output formulation.

Formally, the input to the teacher network is a multimodal window tensor

X ∈RB×3×L , (3.1)

whereBdenotes the batch size, Lis the fixed window length, and the three channels cor-

respond to ECG, EDA, and EMG signals, respectively. Each modality is processed indepen-

dently by a modality specific one dimensional convolutional encoder to extract a compact

representation. For a given modality m, this process can be expressed as

z(m) = fm
(
x(m)) , m ∈ {ECG,EDA,EMG}, (3.2)

where fm(·)denotes a CNN based feature encoder with shared architecture but inde-

pendent parameters across modalities. The resulting modality level embeddings are treated

as a short sequence of tokens and serve as the input to a Transformer based fusion module,

which explicitly models cross modal interactions at the representation level. This design

enables the teacher network to integrate complementary physiological information while
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Figure 3.3: Architecture of the modality specific 1D Convolutional Neural Network encoder
for physiological signal representation.

maintaining a compact and fixed length intermediate representation suitable for down-

stream classification and knowledge distillation.

Each modality stream is encoded by an independent 1DCNN encoder with an iden-

tical architecture but modality specific parameters. The encoder operates directly on fixed

length raw signal windows and follows a hierarchical temporal abstraction strategy, as illus-

trated in Figure 3.3. Specifically, the input signal x(m) ∈ RB×1×L is processed by a sequence

of strided one dimensional convolutional layers, each followed by batch normalization and

nonlinear activation, progressively reducing the temporal resolution while increasing the

feature dimensionality [112]. This design enables the encoder to capture both short range

morphological patterns and longer range temporal characteristics within each signal win-

dow.

After convolutional feature extraction, a global average pooling operation is applied

along the temporal dimension to obtain a fixed length representation that is invariant to

minor temporal shifts within the window [113]. The pooled feature is then projected into

the embedding space through a linear layer, resulting in a modality specific embedding

vector z(m) ∈ RB×D . This process can be summarized as follows.

z(m) = Wp GAP
(
φ(CNN1D(x(m)))

)
, z(m) ∈RB×D (3.3)

where C N N1D (·)denotes the stacked convolutional blocks shown in Figure 3.3, φ(·)represents

the nonlinear activation, GAP indicates the global average pooling, and Wp is the linear

projection matrix. As visualized in Figure 3.3, the encoder transforms each input signal

segment into a compact embedding of dimension D , providing a standardized and modal-

ity aware representation for subsequent token level fusion. By maintaining independent

encoders for each modality, the teacher network avoids parameter interference across het-

erogeneous physiological signals while preserving their distinct temporal dynamics.
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In summary, the 1DCNN encoder serves as a modality specific feature extraction mod-

ule that transforms raw physiological signal windows into compact and fixed dimensional

embeddings. By employing a hierarchical convolutional structure with progressive tempo-

ral downsampling and global average pooling, the encoder captures discriminative tempo-

ral patterns while remaining robust to minor temporal misalignment within each window.

The use of identical architectures with independent parameters across modalities ensures

that heterogeneous signal characteristics are modeled without cross modality interference.

As a result, each encoder produces a standardized embedding that preserves modality spe-

cific information while being directly comparable across modalities. These embeddings

form the fundamental building blocks for the subsequent token level fusion stage, where

cross modal dependencies are explicitly modeled by the Transformer based fusion module.

After modality specific feature extraction, the teacher network converts the set of inde-

pendent modality embeddings into a tokenized representation suitable for sequence based

modeling. Specifically, the embedding vectors obtained from the ECG, EDA, and EMG en-

coders are treated as discrete tokens, where each token corresponds to one physiological

modality. Given the modality embeddings zECG , zED A, zE MG they are stacked along a newly

introduced sequence dimension to form a short token sequence

T = stack
(
z(ECG),z(EDA),z(EMG)) ∈RB×3×D , (3.4)

In this formulation, the token length is fixed to three, corresponding to the three phys-

iological modalities, and each token shares the same embedding dimensionality D . This

explicit tokenization step converts multimodal fusion from a feature concatenation prob-

lem into a structured sequence modeling problem, enabling modality interactions to be

expressed through token level operations rather than implicit parameter mixing. To pre-

serve modality identity within the sequence, a learnable positional embedding is added to

the token sequence, ensuring that each token maintains a consistent semantic role across

training iterations. The resulting tokenized representation provides a compact and inter-

pretable interface for subsequent fusion, which is performed by a Transformer encoder as

described in the next subsection.

Following the tokenization of modality specific embeddings, cross modal interaction is

explicitly modeled using a Transformer encoder operating at the token level. The overall

fusion process is illustrated in Figure 3.4, where each token represents a distinct physio-

logical modality and is treated as an element in a short input sequence. In contrast to fea-

ture concatenation or weighted averaging, this design enables the model to learn adaptive

relationships among modalities through self attention mechanisms, allowing each modal-

36



3.2. SIGNAL PROCESSING AND MODEL ARCHITECTURE

Modality

(B,3,D)

embeddings

Q  XWQ

K  XWK

V  XWV

Y  OWO

Softmax
X

X

T

Figure 3.4: Transformer-based fusion architecture for multimodal physiological represen-
tations.

ity representation to selectively attend to others based on task relevance [114]. Given the

tokenized representation T̃ ∈ RB×3×D , the Transformer encoder applies multi head self at-

tention followed by position wise feedforward layers to produce a fused token sequence,

H = TransformerEnc(T̃) ∈RB×3×D , (3.5)

Through self attention, each output token in H encodes not only modality specific in-

formation but also contextual dependencies learned from other modalities within the same

window. This formulation is particularly suitable for multimodal physiological signals, where

the relative importance of each modality can vary between subjects, time segments, or ex-

perimental conditions. As shown in Figure 3.4, the Transformer fusion module preserves

the original token structure while enriching each token with cross modal context, forming

the basis for subsequent pooling and classification.

Following token level fusion, the teacher network aggregates the enriched token rep-

resentations into a single global feature vector for classification. Given the fused token se-

quence H ∈ RB×3×D produced by the Transformer encoder, a mean pooling operation is

applied along the token dimension to obtain a unified representation,

h = 1

3

3∑
i=1

H:,i ,: ∈RB×D , (3.6)

This pooling strategy is chosen due to the fixed and small number of tokens, ensuring

a parameter free and stable aggregation that treats all modalities symmetrically. Compared

with attention based pooling, mean pooling avoids introducing additional learnable para-
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meters and reduces the risk of overfitting, while still preserving the cross modal interactions

already encoded by the Transformer.

The aggregated feature vector h is then passed to a multilayer perceptron classification

head to produce task level predictions. The classification head consists of a normalization

layer followed by two linear transformations with nonlinear activation and dropout [115],

and outputs the logits,

o = MLP(h) ∈RB×C , (3.7)

where C denotes the number of target classes. These logits serve as the final output

of the teacher network and are used both for supervised training with hard labels and for

providing soft targets during the knowledge distillation process. As a result, the teacher net-

work delivers a compact yet informative prediction that encapsulates multimodal physio-

logical information in a form directly transferable to the student model.

Table 3.2: Structural summary of the multimodal teacher network.

Component Input → Output Key layers / settings

Modality
encoders ×3

(B ,1,L) → (B ,D)

Each modality (ECG/EDA/EMG) uses an
independent 1DCNN encoder:
Conv1D(1→32,k=7, s=2, p=3) + BN + ReLU →
Conv1D(32→64,k=5, s=2, p=2) + BN + ReLU →
Conv1D(64→128,k=5, s=2, p=2) + BN + ReLU
→ AdaptiveAvgPool1D(1) → squeeze →
Linear(128→D)

Tokenization 3× (B ,D) → (B ,3,D)
Stack modality embeddings as tokens; add
learnable positional embedding pos ∈R1×3×D

Transformer
fusion

(B ,3,D) → (B ,3,D)
TransformerEncoder with 2 layers, nhead=4,
FFN dim = 4D , activation = GELU, dropout =
0.1, batch_first = True, norm_first = True

Pooling (B ,3,D) → (B ,D)
Mean pooling over token dimension (average
across the 3 modality tokens)

Classifier head (B ,D) → (B ,C )
LayerNorm → Linear(D→D) → GELU →
Dropout(0.1) → Linear(D→C )

In summary, the multimodal teacher network is designed as a structured yet compact

architecture that integrates modality specific feature extraction, token level representation,

and sequence based fusion within a unified framework. As summarized in Table 3.2, the

teacher consists of three independent 1DCNN encoders for ECG, EDA, and EMG signals,
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followed by explicit tokenization, Transformer based fusion, parameter free mean pooling,

and a lightweight classification head. Each component is carefully selected to balance rep-

resentational capacity and architectural clarity, ensuring that multimodal interactions are

explicitly modeled while avoiding unnecessary complexity.

By operating on standardized window level inputs and maintaining a fixed token length,

the teacher network produces stable and interpretable logits that encapsulate cross modal

physiological information. These logits not only support conventional supervised learning

but also serve as reliable soft targets for guiding the training of a lightweight student model.

Importantly, although the teacher uses multimodal input during training, its role is strictly

confined to representation learning and supervision, while the final deployment objective

remains centered on an ECG only inference model. This design establishes a clear separa-

tion between learning capacity and deployment constraints, which forms the basis for the

knowledge distillation strategy introduced in the following section.

3.2.2.2 Student Network

The student network is designed as the final inference model for practical physiological

stress recognition under constrained sensing and deployment conditions. While the train-

ing pipeline leverages multimodal supervision through the teacher network, the student

model intentionally relies on electrocardiogram data only at inference time, which aligns

with the objective of reducing sensor burden and improving robustness in wearable or

real world settings [116]. Conceptually, the student is trained to reproduce the task dis-

criminative behaviour of the multimodal teacher using a lightweight architecture, so that

the learned decision boundary can be retained even when only a single modality is avail-

able [117]. In this study, the student receives window level inputs that are consistent with

the unified preprocessing interface used across datasets, and it outputs task level logits

for binary or multiclass classification depending on the experimental configuration. Com-

pared with the teacher network, the student removes the multimodal fusion mechanism

and reduces the representation dimensionality, thereby lowering computational cost and

model complexity while preserving a compatible output space for supervised learning and

knowledge distillation. The remainder of this subsection introduces the student architec-

ture from an implementation oriented perspective, including the input definition and ten-

sor flow, the compact one dimensional convolutional encoder, and the classification head

that generates logits used for both standard training objectives and distillation based su-

pervision.

The student network operates on the same window level input format as the teacher
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during training, ensuring interface consistency across datasets, while enforcing a strict

modality selection constraint at the model entry. Specifically, although each input sam-

ple is originally organized as a three channel tensor corresponding to electrocardiogram,

electromyogram, and electrodermal activity signals, the student explicitly selects only the

electrocardiogram channel for subsequent processing. This operation guarantees that the

student network learns to rely solely on single modality information, regardless of whether

multimodal signals are available during training. Formally, given an input batch tensor

X ∈RB×3×L , the student input is defined as

x = X[:,0,:] ∈RB×1×L , (3.8)

Where the student network enforces a deterministic channel selection operation that

extracts only the electrocardiogram component from the original multimodal input ten-

sor. This operation reduces the input from a three channel representation to a single chan-

nel signal while preserving the original temporal resolution and batch structure. Follow-

ing channel selection, the tensor shape remains fixed throughout the encoder in terms

of batch size, while the temporal dimension is progressively reduced by strided one di-

mensional convolutions. This deterministic shape flow ensures that all student represen-

tations are derived from temporally aligned and uniformly segmented electrocardiogram

windows, which is essential for stable optimization and for maintaining compatibility with

the teacher generated supervision signals during distillation based training.

The Tiny1DCNNEncoder is designed as a compact yet expressive temporal feature ex-

tractor tailored for electrocardiogram based inference under resource constrained condi-

tions. Its architecture follows a progressive downsampling strategy using a small number of

strided one dimensional convolutional blocks, enabling the model to capture discrimina-

tive temporal patterns while gradually reducing the input resolution. This design reflects

the observation that stress related information in electrocardiogram signals is often dis-

tributed over local waveform structures as well as longer range temporal dynamics, both of

which can be effectively modeled through hierarchical convolutional representations. By

stacking convolution, batch normalization, and nonlinear activation layers, the encoder

achieves stable optimization and improved generalization without relying on handcrafted

filtering or feature extraction stages [118]. Furthermore, the use of global average pooling

at the end of the convolutional stack converts variable length temporal features into a fixed

dimensional representation, making the encoder robust to minor temporal misalignments

and window boundary variations. Compared with the modality specific encoders used in

the teacher network, the Tiny1DCNNEncoder reduces channel width and embedding di-
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mensionality, which significantly lowers computational cost and parameter count. Despite

this simplification, the encoder preserves a compatible representational interface, allow-

ing its output embedding to be directly used for classification as well as for alignment with

teacher supervision during knowledge distillation.

From an implementation perspective, the Tiny1DCNNEncoder is composed of three

sequential one dimensional convolutional blocks, each consisting of a convolution layer,

batch normalization, and a rectified linear unit activation. All convolutional layers employ

a stride of two, resulting in progressive temporal downsampling along the encoder depth.

Let φ(·) denote the stacked convolutional transformation followed by global average pool-

ing, then the encoder output can be expressed as

h =φ(x) ∈RB×64, (3.9)

where x ∈ RB×1×L is the selected electrocardiogram input window. Due to the use of

three strided convolutional layers, the temporal resolution is approximately reduced by a

factor of eight, producing an intermediate feature map of length L/8, which is subsequently

collapsed to a single temporal unit through adaptive global average pooling. The resulting

vector h encodes global temporal statistics of the input window and is projected into the

final embedding space through a linear transformation,

z = Wp h+bp ∈RB×D , (3.10)

where Wp and bp denote the projection parameters and D = 64 in the student config-

uration. This formulation highlights that the encoder enforces a deterministic shape flow

from variable length temporal inputs to fixed dimensional embeddings, which simplifies

optimization and ensures compatibility with both supervised classification and distillation

objectives.

To further clarify why the student encoder can be regarded as a lightweight or tiny vari-

ant of the teacher design, Table 3.3(a) and Table 3.3(b) present a structured comparison

between the convolutional encoders used in the teacher and student models, focusing on

the electrocardiogram branch. As shown in the table, both encoders share an identical in-

put interface and convolutional depth, consisting of three strided one dimensional con-

volutional blocks followed by global average pooling. This architectural alignment ensures

that the difference between the two models does not arise from network depth or tempo-

ral resolution, but rather from channel width and representation capacity. In the student

encoder, the number of channels at each convolutional stage is consistently reduced by
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approximately one half compared with the teacher, leading to a quadratic reduction in con-

volutional parameters and multiply accumulate operations under standard convolutional

formulations. In addition, the embedding dimension produced by the student encoder is

reduced from 128 to 64, further shrinking the parameter count of the projection layer and

the subsequent classification head. Importantly, the temporal downsampling strategy and

pooling mechanism remain unchanged, which preserves the receptive field structure and

the hierarchical temporal abstraction learned by the encoder. This design demonstrates

that the student model achieves its compactness through controlled capacity reduction

rather than structural simplification, allowing it to maintain a compatible feature extrac-

tion pathway while significantly improving deployability and computational efficiency.
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Table 3.3(a): Comparison of CNN encoders in Teacher and Student models (ECG branch).

Item
Teacher (Conv
weights)

Student (Conv
weights)

Interpretation

Input shape (B ,1,L) (B ,1,L)

Same input interface
enables a fair
architectural
comparison.

#Conv blocks 3 3

Same depth; the
difference comes from
channel width and
embedding dimension.

Block 1
Conv1d 1→32, k=7,
s=2, p=3 + BN + ReLU

Conv1d 1→16, k=7,
s=2, p=3 + BN + ReLU

First-stage channel
width is halved,
reducing computation
early.

Block 2
Conv1d 32→64, k=5,
s=2, p=2 + BN + ReLU

Conv1d 16→32, k=5,
s=2, p=2 + BN + ReLU

Middle-stage channels
are consistently
reduced.

Block 3
Conv1d 64→128, k=5,
s=2, p=2 + BN + ReLU

Conv1d 32→64, k=5,
s=2, p=2 + BN + ReLU

High-level feature
channels are halved
(128→64).

Downsampling
Stride 2×3 (≈×1

8 in
time length)

Stride 2×3 (≈×1
8 in

time length)

Same temporal
downsampling
strategy; only capacity
is reduced.

Pooling Adaptive-AvgPool1d(1) Adaptive-AvgPool1d(1)
Both produce a global
vector representation.

Pre-projection
feature dim

128 64
Feature dimension is
halved before
projection.

Projection
(Linear)

128→128
(emb_dim=128)

64→64 (emb_dim=64)

Embedding dimension
is reduced, further
shrinking the head
input.

Output
embedding

z ∈RB×128 z ∈RB×64

Compact embedding
improves deployability
and reduces
parameters.
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Table 3.3(b): Comparison of CNN encoders in Teacher and Student models (ECG branch)
continued.

Item
Teacher (Conv
weights)

Student (Conv
weights)

Interpretation

Usage scope
Three independent
CNN encoders
(ECG/EDA/EMG)

A single CNN encoder
(ECG only)

Fewer modality
branches leads to
substantially smaller
overall model.

Conv weight
formula

∑
ℓC (ℓ)

in ·C (ℓ)
out ·k(ℓ) ∑

ℓC (ℓ)
in ·C (ℓ)

out ·k(ℓ)

For 1D Conv, weight
count scales linearly
with kernel size and
quadratically with
channel width.

Layer-wise
counts (3
convs)

1 ·32 ·7 + 32 ·64 ·5 +
64 ·128 ·5

1 ·16 ·7 + 16 ·32 ·5 +
32 ·64 ·5

Student halves both Cin

and Cout at each stage,
yielding ≈ 4× fewer
conv weights per block.

Overall scale
(rule-of-
thumb)

Baseline
≈ 1

4 (per conv block,
rough)

Halving channel
widths typically
reduces conv
parameters and MACs
by about 4× at
comparable depth and
stride.

After feature extraction by the Tiny1DCNNEncoder, the student network maps the re-

sulting embedding to task level predictions through a lightweight classification head. Let

z ∈RB×D , denote the fixed dimensional embedding produced by the encoder, where D = 64

in the student configuration. The classification head is implemented as a compact multi-

layer perceptron that consists of a normalization layer followed by linear transformations

with nonlinear activation and dropout, and produces the output logits

os = g (z) ∈RB×C , (3.11)

where g (·) denotes the head of student classification and C is the number of target

classes. This design mirrors the output interface of the teacher network, ensuring that both

models generate logits in the same label space.

Importantly, the student logits os are used for two complementary purposes during

training. First, they are directly optimized using standard supervised classification objec-
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Table 3.4: Compact structural comparison between Teacher and Student models.

Aspect Teacher (Tri-modal) Student (ECG-only)

Input
modalities

ECG + EDA + EMG (3
modalities)

ECG only (single
modality)

Encoder
branches

3 independent CNN
encoders

1 TinyCNN encoder

Fusion module
Transformer over 3
modality tokens

None (single-branch
embedding)

Embedding
dim

D = 128 D = 64

Inference
requirement

Needs all 3 modalities Needs ECG only

Lightweight
source

Multi-branch + fusion
+ larger D

Branch removal + no
fusion + smaller D

tives with hard labels. Second, they serve as input from the student side in the knowledge

distillation framework, where they are aligned with the teacher logits ot to transfer the rele-

vant information of the task learned from multimodal supervision. By enforcing this logits

level compatibility, the student network can effectively inherit the discriminative behavior

of the teacher without replicating its multimodal architecture. As a result, the classification

head provides a simple yet crucial bridge between the compact student encoder and the

rich supervisory signals provided by the teacher model.

From a structural perspective, the student network differs from the teacher network

primarily in model capacity and modality scope rather than in the fundamental feature ex-

traction pathway. As summarized in Table 3.4, the teacher model operates on three physi-

ological modalities using independent convolutional branches followed by a Transformer

based fusion module, whereas the student model is restricted to a single electrocardiogram

input and adopts a compact single branch encoder without explicit fusion. Importantly,

both models preserve a consistent window level input interface, convolutional depth, and

temporal downsampling strategy, ensuring that the student maintains the same hierar-

chical temporal abstraction and receptive field structure as the teacher. The reduction in

complexity therefore arises from controlled capacity scaling, including narrower channel

widths, a smaller embedding dimension, and the removal of cross modal fusion compo-

nents, rather than from architectural simplification. This design allows the student to retain

a compatible representation and output space while substantially reducing inference re-
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quirements, making it suitable for real world deployment. In contrast, the teacher network

serves as a high capacity reference model during training, a role separation that directly

motivates the knowledge distillation framework introduced in the following section.

In summary, the student network is designed as a compact electrocardiogram based in-

ference model that preserves the core temporal representation pathway of the multimodal

teacher while substantially reducing model capacity and sensing requirements. Through

controlled architectural scaling rather than structural simplification, the student maintains

a compatible input representation, embedding space, and logits output interface, enabling

it to serve as a practical deployment model. However, due to its reduced modality access

and representational capacity, direct supervised training alone may not fully exploit the

rich cross modal information available during training. This limitation motivates the intro-

duction of a training strategy in which the high capacity teacher model provides additional

supervisory signals to guide the optimization of the student. Consequently, the following

section details the model training and evaluation protocol, with a particular focus on the

knowledge distillation framework that bridges the representational gap between the mul-

timodal teacher and the lightweight student.

3.3 Model Training and Evaluation Protocol

Building upon the architectural design of the multimodal teacher network and the lightweight

electrocardiogram based student model presented in the preceding section, this section

focuses on how these models are trained, deployed, and evaluated in a unified and repro-

ducible manner. Although teacher and student networks differ substantially in capacity

and modality access, their interaction during training is governed by a carefully designed

protocol that enables effective knowledge transfer without compromising the inference

constraints of the student. Consequently, this section first introduces the knowledge dis-

tillation framework that defines the supervisory relationship between the teacher-student

models. It then describes the training procedure used to optimize the student model under

combined hard label and soft target supervision, followed by the inference and testing pro-

tocol that reflects real world deployment conditions. Finally, the evaluation metrics and the

assessment strategy are presented to ensure a fair and consistent performance comparison

between the datasets and the experimental settings.
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3.3.1 Knowledge Distillation Framework

Building on the teacher-student architectures introduced in Section 3.2, this section presents

the knowledge distillation (KD) framework adopted to bridge the gap between multimodal

training and ECG-only inference [119]. Although the teacher network is trained using syn-

chronized ECG, EDA, and EMG signals to exploit complementary physiological informa-

tion, the student model is strictly limited to operating on ECG signals alone during infer-

ence. This design reflects practical deployment requirements for wearable stress monitor-

ing, where reducing sensor complexity and power consumption is essential. Knowledge

distillation is therefore used as a training-time strategy to transfer discriminative knowl-

edge learned from multimodal supervision into a compact student model with only ECG,

without violating the single-modality constraint inference [120]. Rather than modifying the

student architecture or introducing additional input, the proposed KD framework focuses

on guiding the student’s decision boundaries through soft targets generated by the teacher,

allowing the student to approximate multimodal decision behavior using only ECG rep-

resentations. The following subsections detail the role assignment and data flow between

teacher and student models, the formulation of distillation losses, and the training mecha-

nisms designed to ensure stable and effective knowledge transfer.

As summarized in Table 3.5, the proposed knowledge distillation framework consists

of four key components: a multimodal teacher network, an ECG-only student network,

ground-truth labels, and a dedicated distillation loss module. During training, the teacher

receives synchronized ECG, EDA, and EMG signals and produces class-level logits zt , which

serve as soft targets for guiding the student. The teacher model remains frozen throughout

the distillation process, ensuring that only the student parameters are updated. In contrast,

the student network operates on ECG signals exclusively, receiving Xecg as input and pro-

ducing logits zs with the same dimensionality as the teacher output. This output alignment

enables direct distillation at the logit level without introducing additional projection layers.

Supervision is provided through a combination of hard labels and teacher-generated soft

targets, which are integrated by the KD loss module [121]. Importantly, multimodal signals

are used only during training, while inference strictly relies on ECG inputs, preserving the

deployment-oriented design of the student model.
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Table 3.5: Roles and data flow in the proposed knowledge distillation framework.

Component Input Output Description

Teacher
(multimodal)

X ∈RB×3×L zt ∈RB×C

Trained with ECG, EDA,
and EMG during
training; provides soft
targets for distillation
and is frozen during
student training.

Student
(ECG-only)

Xecg = X[:,0 : 1, :] ∈
RB×1×L zs ∈RB×C

Lightweight inference
model using ECG only;
optimized using both
hard labels and
teacher-provided soft
targets.

Ground-truth
labels

y ∈ {0, . . . ,C −1}B –

Supervisory signal for
standard cross-entropy
loss applied to student
outputs.

KD loss module zt , zs , y L

Combines classification
loss and distillation loss
with warm-up, ramping,
and confidence masking
mechanisms.

To enable effective knowledge transfer from the multimodal teacher to the ECG-only

student, soft targets are generated by applying temperature scaling to the output logits of

both models. Unlike hard labels, which provide only the index of the ground-truth class,

soft targets encode inter-class similarity information captured by the teacher and therefore

offer a richer supervisory signal during training [122]. Specifically, given the teacher logits

zt ∈ RB×C and student logits zs ∈ RB×C , temperature-scaled probability distributions are

computed using the softmax function as follows:

p(T )
t ,c = exp

(
zt ,c /T

)∑C
k=1 exp

(
zt ,k /T

) , p(T )
s,c = exp

(
zs,c /T

)∑C
k=1 exp

(
zs,k /T

) , (3.12)

where T > 1 denotes the temperature hyperparameter. A higher temperature produces

a softer probability distribution by reducing the dominance of the maximum logit, thereby

amplifying the relative probabilities of non-target classes. This softened distribution re-
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flects the teacher’s uncertainty and class-level structure, which is particularly valuable when

the student model operates under a reduced input modality constraint.

In this work, temperature scaling is applied consistently to both teacher and student

outputs during distillation. The resulting soft probabilities are later used to compute the

distillation loss, encouraging the student to match the teacher’s class distribution rather

than only the hard decision boundary. By introducing temperature scaling, the student is

guided to learn more informative decision surfaces that better approximate the multimodal

teacher’s behavior, despite relying solely on ECG signals during inference.

Knowledge distillation in this work is formulated as a joint optimization objective that

combines supervised learning from hard labels with distribution matching to the multi-

modal teacher [123]. Let zs ∈ RB×C denote the student logits and zt ∈ RB×C denote the

teacher logits for a mini-batch of size B with C classes, and let y ∈ 0,1B×C be the one hot

encoded ground-truth labels. The supervised component is defined by the standard cross

entropy loss:

LCE =− 1

B

B∑
b=1

C∑
c=1

yb,c log ps,b,c , ps = softmax(zs), (3.13)

where ps,b,c is the predicted probability of class c for sample b. The distillation compo-

nent encourages the student to match the teacher softened class distribution under tem-

perature scaling, which is implemented via the Kullback Leibler divergence:

LKD = T 2 ·KL
(
p(T )

t ∥p(T )
s

)
= T 2 · 1

B

B∑
b=1

C∑
c=1

p(T )
t ,b,c log

 p(T )
t ,b,c

p(T )
s,b,c +ε

 , (3.14)

where p(T )
t = softmax(zt /T ) and p(T )

s = softmax(zs/T ) are temperature softened proba-

bilities, T is the temperature hyperparameter, and ε is a small constant used for numerical

stability. The overall distillation objective is a weighted combination of the two terms:

L = (1−αeff)LCE +αeff LKD, (3.15)

where αeff ∈ [0,1] controls the relative contribution of distillation in a given training

stage. This formulation ensures that the student remains anchored to the ground truth

labels while being guided to approximate the richer class structure learned by the multi-

modal teacher.
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Table 3.6: Dynamic mechanisms for stabilising knowledge distillation during student train-
ing.

Mechanism Definition Purpose and effect

Warm-up training

For the first Ew epochs,
distillation is disabled by
setting αeff = 0, and the
student is optimised using
LCE only.

Prevents early-stage
instability and avoids forcing
the student to mimic an
immature or noisy teacher
distribution.

Alpha ramp-up

After warm-up, the
distillation weight αeff is
gradually increased over Er

epochs until it reaches the
target α.

Introduces distillation
smoothly, stabilising
optimisation dynamics and
improving convergence.

Teacher
confidence
masking

For each sample,
distillation is applied only
when the teacher
confidence exceeds a
threshold τ, otherwise only
LCE is used.

Reduces negative transfer
from low-confidence teacher
predictions and focuses
distillation on reliable soft
targets.

To improve the stability and reliability of student optimization, the proposed knowl-

edge distillation procedure incorporates a set of dynamic mechanisms that control when

and how strongly distillation is applied. These mechanisms are summarized in Table 3.6,

including warm-up training, gradual ramp-up of the distillation weight, and teacher confi-

dence masking. The underlying motivation is that, during early training or under uncertain

teacher predictions, enforcing strict distribution matching may introduce noisy gradients

and degrade student generalization. By dynamically adjusting the contribution of the dis-

tillation term, the student can first learn a robust decision boundary from hard labels and

then progressively incorporate the richer supervisory signal provided by the teacher.

αeff(e,b) =α ·min

(
1, max

(
0,

e −Ew

Er

))
· I

[
max

c
p(T )

t ,b,c ≥ τ
]

, (3.16)

Formally, the combined effect of these mechanisms is implemented through an effec-

tive distillation weight αeff, which modulates the contribution of the distillation loss term

at epoch e and for sample b, as defined in Eq. 3.16. In this formulation, α ∈ [0,1] denotes the

target distillation weight, Ew is the number of warm-up epochs during which distillation is

disabled, and Er is the number of ramp-up epochs used to increase the distillation strength

linearly from zero to α. The indicator function I[·] implements teacher confidence masking,
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where p(T )
t ,b,c denotes the teacher soft probability for class c at temperature T for sample b.

Distillation is applied only when the maximum teacher probability across classes exceeds

a threshold τ, ensuring that unreliable teacher outputs do not dominate student updates.

As a result, αeff becomes sample-dependent and stage-dependent, providing fine-grained

control over the distillation signal.

Practically, these dynamic mechanisms ensure that distillation complements rather than

overrides standard supervised learning. Warm-up training provides an initial period in which

the student learns from ground-truth labels only, establishing a stable representation and

preventing premature overfitting to the teacher distribution. The ramp-up schedule then

introduces the distillation loss progressively, allowing the student to incorporate multi-

modal knowledge in a controlled manner as the optimization becomes more stable. Finally,

confidence masking limits distillation to cases where the teacher offers reliable soft targets,

improving robustness against uncertain predictions that may arise from cross-subject vari-

ability or transient noise in physiological signals. Together, the mechanisms in Table 3.6

and Eq. 3.16 form a practical and reproducible strategy to stabilize knowledge transfer from

the multimodal teacher to the lightweight ECG-only student.

Model selection and inference are conducted under a protocol that reflects both fair

evaluation and practical deployment constraints. During training, the student model is

evaluated on a held-out validation set at the end of each epoch, and the model checkpoint

that achieves the best validation F1-score is selected as the final student model [124]. This

selection strategy ensures that the chosen model generalizes well beyond the training data

and avoids bias from overfitting or late-stage optimization noise. After model selection,

the teacher network is no longer involved, and all inference and testing procedures are

performed using the selected student model-only. At inference time, the student operates

strictly under the ECG-only constraint, receiving window-level ECG inputs and producing

task-level predictions without access to additional physiological modalities or distillation

signals. This protocol guaranties a clear separation between training-time supervision and

deployment-time inference, ensuring that the reported results accurately reflect the per-

formance of the lightweight ECG-based model in real-world usage scenarios.

The hyperparameters in the proposed framework are selected in a dataset-aware man-

ner to account for differences in signal characteristics, class distributions, and task defini-

tions across experimental settings. As a result, no single fixed configuration is enforced in

all experiments. Instead, a consistent selection strategy is adopted, in which optimization-

related parameters such as learning rate, batch size, and number of training epochs are

tuned separately for each dataset using the corresponding training and validation splits.
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For the knowledge distillation components, the temperature parameter, distillation weight,

warm-up duration, and ramp-up schedule are chosen to ensure stable convergence and

prevent dominance of the distillation signal in early training stages. All models are imple-

mented using a unified training pipeline, ensuring that variations across experiments arise

from dataset properties rather than differences in implementation. This approach balances

reproducibility with flexibility, allowing the framework to adapt to heterogeneous datasets

while maintaining a consistent methodological structure.

In summary, this section has presented a complete knowledge distillation framework

designed to transfer multimodal supervisory knowledge into a lightweight ECG-only stu-

dent model under realistic deployment constraints. By defining clear teacher–student roles,

introducing temperature-scaled soft targets, formulating a joint distillation objective, and

incorporating dynamic control mechanisms, the proposed framework enables stable and

effective knowledge transfer during training without altering the inference-time structure

of the student. Importantly, all distillation components are confined to the training phase,

ensuring that the final model operates strictly under the ECG-only constraint at deploy-

ment. Building upon this framework, the next section details the concrete training proce-

dure, describing how the distillation strategy is implemented in practice, including data

batching, optimization steps, and evaluation checkpoints.

3.3.2 Training Procedure

This section describes the training procedure and evaluation protocol adopted in this study,

with the objective of ensuring a fair and reproducible comparison between the multimodal

teacher model, the ECG only student baseline, and the enhanced student model [125].

Building upon the model architectures introduced in the previous section, this part focuses

on how different models are optimized, how supervision signals are constructed, and how

inference performance is assessed under consistent experimental conditions.

Specifically, three training configurations are considered. The first configuration cor-

responds to the supervised training of the multimodal teacher network using electrocar-

diogram, electromyogram, and electrodermal activity signals. The second configuration

involves direct training of a lightweight student model that operates solely on electrocar-

diogram signals. The third configuration introduces a knowledge distillation framework, in

which the frozen teacher model provides soft supervisory signals to guide the training of

the ECG only student model [126]. Through this design, the proposed training procedure

explicitly decouples multimodal representation learning from deployment time inference,
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allowing the student model to benefit from multimodal information during training while

strictly adhering to an ECG only constraint at test time [127].

Table 3.7: Training settings and learning targets for different model configurations.

Training setting Input modalities Supervision signal Optimization target

Teacher baseline
training

ECG, EMG, EDA Ground truth labels

Minimize cross
entropy loss for
multimodal
classification

Student baseline
training

ECG only Ground truth labels
Minimize cross
entropy loss under
ECG only constraint

Knowledge
distillation
training

Teacher: ECG, EMG,
EDA
Student: ECG only

Ground truth labels
and teacher soft
targets

Joint optimization of
hard label loss and
distillation loss

To clearly distinguish the optimization objectives under different training configura-

tions, the learning settings adopted in this study are summarized in Table 3.7. Although all

models address the same classification task, their input modalities and supervision signals

differ substantially, resulting in distinct learning targets and optimization behaviors.

In the teacher baseline setting, the multimodal fusion model is trained using electro-

cardiogram, electromyogram, and electrodermal activity signals, with ground truth labels

serving as the sole supervision source. The objective of this stage is to learn a high capac-

ity multimodal classifier that captures complementary physiological information across

modalities. In contrast, the student baseline model is trained directly on electrocardiogram

signals only, under identical label supervision. This configuration reflects a deployment

oriented scenario in which inference is constrained to a single modality, but it does not

benefit from additional multimodal guidance during training.

The knowledge distillation setting introduces a hybrid supervision strategy. While the

student model continues to receive hard labels derived from the dataset annotations, it is

additionally guided by soft targets produced by the pretrained multimodal teacher model.

Importantly, the teacher model is frozen during this stage and is used exclusively to gener-

ate supervisory signals, whereas the student model is the only component being updated

[128]. As shown in Table 3.7, this design enables the student model to leverage multimodal

knowledge during training while preserving a strictly ECG only inference pathway.

The student model is optimized using a composite objective that combines hard label
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supervision with soft target guidance from the teacher model. Specifically, the standard

cross-entropy loss is first applied to enforce consistency between the student predictions

and the ground truth labels [129], which is defined as

LCE =− 1

B

B∑
i=1

C∑
c=1

yi ,c log
(
σ(zs)i ,c

)
(3.17)

where σ(·) denotes the softmax function, zs ∈ RB×C denotes the logits produced by the

student model for a batch of B samples, C is the number of classes, and y represents the

corresponding ground truth labels. This term ensures that the student model preserves dis-

criminative alignment with the labeled training data and serves as the primary optimiza-

tion signal when no distillation is applied.

To enable knowledge transfer from the teacher, both teacher and student logits are

transformed into softened probability distributions using temperature-scaled softmax,

p(T )
t = softmax

(zt

T

)
, p(T )

s = softmax
(zs

T

)
(3.18)

where zt denotes the logits generated by the frozen teacher model, and T > 1 is the

temperature parameter controlling the smoothness of the output distributions. A higher

temperature reduces the confidence of the predicted probabilities and amplifies relative

differences among non-maximum classes, thereby exposing richer inter-class similarity in-

formation learned by the teacher. The student distribution p(T )
s is constructed in the same

manner to ensure compatibility during distillation.

The discrepancy between the teacher and student soft distributions is quantified using

the Kullback–Leibler divergence,

LKD = T 2 · 1

B

B∑
i=1

C∑
c=1

p(T )
t ,i ,c log

p(T )
t ,i ,c

p(T )
s,i ,c

(3.19)

where the scaling factor T 2 compensates for the gradient magnitude attenuation intro-

duced by the temperature scaling, following standard distillation practice. This formula-

tion treats the teacher distribution as the target and explicitly encourages the student to

approximate the softened class structure learned by the multimodal teacher. This distilla-

tion loss encourages the student model to approximate the teacher’s class-wise probability

structure, effectively transferring multimodal knowledge into the ECG-only representation

space.

Finally, the overall training objective for knowledge distillation is formulated as a weighted

combination of the two loss terms,
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L = (1−αeff)LCE +αeff LKD (3.20)

where αeff ∈ [0,1] denotes the effective distillation weight. This parameter controls the

relative contribution of hard label supervision and soft target guidance, allowing the train-

ing process to balance label fidelity and teacher knowledge transfer dynamically. Through

this formulation, the student model is guided to achieve robust classification performance

under ECG-only inference constraints while benefiting from the richer multimodal repre-

sentations learned by the teacher during training.

To ensure stable optimization and reliable knowledge transfer during distillation, a set

of dynamic mechanisms are introduced to regulate when and how the distillation signal is

applied throughout training. These mechanisms are designed to mitigate early-stage stu-

dent instability and to prevent the student from being forced to mimic teacher distribu-

tions before learning a reasonable ECG-only representation. As summarized in Table 3.8,

the proposed framework incorporates three complementary strategies, including warm-up

training, gradual increase in distillation weight, and masking of teacher confidence.

Table 3.8: Dynamic mechanisms used to stabilize knowledge distillation during student
training.

Mechanism Definition Purpose

Warm-up training
Distillation is disabled for
the first Ew epochs by
setting αeff = 0.

Allows the student to learn a
stable decision boundary
from hard labels before
distillation is introduced.

Distillation
ramp-up

The effective distillation
weight αeff is increased
linearly over Er epochs.

Prevents abrupt optimization
changes and improves
training stability.

Teacher
confidence
masking

Distillation is applied only
when maxc p(T )

t ,c ≥ τ.

Suppresses unreliable
teacher supervision and
reduces negative transfer.

During the initial phase of training, a warm-up strategy is employed in which the stu-

dent model is optimized solely using the hard-label cross-entropy loss, while the distilla-

tion loss is disabled. This phase allows the student to establish a stable decision boundary

based on ground-truth supervision before being influenced by the teacher distribution.

After the warm-up period, the contribution of the distillation loss is gradually introduced
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through a linear ramp-up schedule. Formally, the effective distillation weight in the training

epoch e is defined as

αeff(e) =α ·min

(
1, max

(
0,

e −Ew

Er

))
, (3.21)

where α ∈ [0,1] denotes the target distillation weight, Ew is the number of warm-up

epochs during which distillation is disabled, and Er controls the duration of the ramp-up

stage. This formulation ensures that the influence of the teacher model increases smoothly

over time, preventing abrupt changes in the optimization landscape.

In addition to epoch-level scheduling, a confidence-based masking mechanism is ap-

plied at the sample level to further improve robustness. Note that the confidence thresh-

old τ is defined on the temperature-scaled teacher distribution p(T )
t and is selected on the

validation set to balance reliability and coverage of distillation signals. For each training

sample, distillation is enabled only when the teacher prediction is sufficiently confident,

as measured by the maximum probability of the temperature-scaled teacher distribution.

The confidence mask is defined as

mb = I
[

max
c

p(T )
t ,b,c ≥ τ

]
(3.22)

where p(T )
t ,b,c denotes the temperature-scaled probability assigned by the teacher to class

c for the sample b, τ is a predefined confidence threshold, and I[·] is the indicator function.

When the confidence condition is not satisfied, the distillation loss is suppressed and the

student is updated using hard-label supervision only. This mechanism reduces the risk of

negative transfer caused by uncertain or noisy teacher outputs, which may arise from sub-

ject variability or transient artifacts in physiological signals.

By jointly applying warm-up training, ramp-up scheduling, and confidence masking,

the proposed dynamic distillation mechanisms provide fine-grained control over the strength

and reliability of the distillation signal. As a result, the student model is guided to absorb

multimodal knowledge progressively and selectively, leading to more stable training dy-

namics and improved generalization under ECG-only inference constraints.

The training process follows a structured epoch-based schedule to ensure stable opti-

mization and fair comparison between different model configurations. For each training

epoch, mini-batches are sequentially sampled from the training set and processed by the

corresponding model according to the selected training setting. In the knowledge distil-

lation configuration, each batch is first forwarded through the frozen teacher network to

generate soft supervisory signals, followed by a forward pass through the student network
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using ECG inputs only. The total loss is then computed based on the combined objective

described in the previous section, after which the gradients are backpropagated exclusively

through the student model. The model parameters are updated using a single optimizer

with consistent optimization settings across experiments, while the teacher parameters

remain fixed throughout training. For each dataset, all training configurations share the

same validation protocol and hyperparameter tuning budget, ensuring that performance

differences arise from learning strategies rather than optimisation advantages. This unified

training schedule ensures that performance differences between models arise from learn-

ing strategies rather than discrepancies in optimization procedures.

Model selection is performed using a validation-driven strategy that reflects general-

ization performance rather than training accuracy. At the end of each training epoch, the

student model is evaluated on a held-out validation set, and the checkpoint achieving the

highest validation F1-score is retained as the final model [130]. This criterion is adopted

to account for potential class imbalance and to provide a robust measure of classifica-

tion quality. Once training is complete, the selected model is used for all subsequent test-

ing and inference. During inference, only the student model is deployed, and predictions

are generated strictly from ECG inputs without access to additional physiological modali-

ties or distillation-related components. This protocol enforces a clear separation between

training-time supervision and deployment-time inference, ensuring that reported results

accurately reflect the performance of the ECG-only model under realistic application con-

straints.

All models are implemented within a unified training framework to ensure consistency

and reproducibility across experiments. Identical data loading procedures, preprocessing

pipelines, and evaluation scripts are used for all training configurations, minimizing vari-

ability introduced by implementation differences. To promote reproducibility, random seeds

are fixed for model initialization, data shuffling, and optimization operations [131]. Train-

ing is carried out in the same computational environment using consistent software li-

braries and hardware resources. Although hyperparameters can vary between datasets to

accommodate differences in signal characteristics and task definitions, the general training

and evaluation protocol remains unchanged. This design ensures that experimental results

can be reliably reproduced and that observed performance differences are attributable to

methodological choices rather than uncontrolled implementation factors.

In summary, this section has described the complete training procedure adopted in this

study, including the optimization schedule, the model selection strategy, and implementa-

tion considerations that ensure fair and reproducible experimentation. By maintaining a
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unified training pipeline across all model configurations and strictly separating training-

time supervision from deployment-time inference, the proposed procedure enables a reli-

able assessment of different learning strategies under consistent conditions. Having estab-

lished how models are trained and selected, the next section focuses on the inference and

testing protocol, detailing how trained models are evaluated under ECG-only constraints

and how performance is measured in realistic deployment scenarios.

3.3.3 Inference and Testing Protocol

Building upon the training strategies and distillation mechanisms described in the previ-

ous section, this section presents a unified inference and testing protocol for the proposed

teacher, student, and knowledge-distilled student models. While the training phase focuses

on representation learning and supervision transfer, the inference stage imposes stricter

constraints on input modalities, computational behavior, and evaluation consistency. To

this end, the protocol explicitly defines the roles of different models during testing, the

input–output conventions at window level, and the standardized procedures for model se-

lection and performance evaluation.

The primary purpose of this section is to ensure that all reported results are obtained

under a fair, reproducible, and deployment-consistent setting. In particular, although the

teacher model leverages multimodal inputs during training and evaluation as an upper-

bound reference, both the baseline student and the distilled student are strictly evaluated

using ECG-only inputs, reflecting the intended real-world deployment scenario [132]. By

clearly separating training-time design choices from inference-time constraints, this sec-

tion establishes a common testing framework that enables reliable cross-model, cross-task,

and cross-dataset comparisons in the experimental analysis.

During inference and testing, the teacher, baseline student, and knowledge-distilled

student models serve distinct but complementary roles, which are explicitly defined to

ensure evaluation consistency and deployment relevance. The teacher model acts as an

upper-bound reference and diagnostic baseline, using all available physiological modali-

ties provided by the dataset to generate prediction logits [122]. This multimodal inference

is retained solely for benchmarking purposes and is not intended for deployment.

In contrast, both the baseline student and the knowledge-distilled student are evalu-

ated under a strict ECG-only inference constraint. Although the input data are organized

in a unified window-level tensor that may contain multiple modalities, only the ECG chan-

nel is selected and forwarded to the student encoder during inference. Importantly, the

inference architecture and input pathway of the distilled student are identical to those of
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the baseline student, ensuring that any observed performance differences arise exclusively

from the training strategy rather than from additional test-time information or architec-

tural modifications.

This role separation establishes a clear and fair evaluation protocol: the teacher pro-

vides a multimodal performance upper bound, while the student and distilled student rep-

resent deployable ECG-only models. As a result, comparisons between models directly re-

flect the effectiveness of knowledge distillation under realistic inference constraints, with-

out confounding effects from modality availability or test-time fusion.

To ensure clarity and consistency across different datasets, tasks, and model variants,

this subsection formally defines the input–output representations and tensor shape con-

ventions adopted throughout the inference and testing stages. A unified notation is used for

both multimodal teacher inference and ECG-only student inference, which facilitates fair

comparison and reproducibility. At the window level, the input to the model is represented

as a three-dimensional tensor

X ∈RB×M×L , (3.23)

denote a batch of windowed input signals, where B is the batch size, M is the number of

available physiological modalities, and L is the temporal length of each fixed-duration sig-

nal window. The modality dimension follows a fixed order determined during data prepro-

cessing and remains consistent throughout training and evaluation. For inference based on

only ECG, the student and distilled student models explicitly select the ECG channel from

the multimodal input tensor, resulting in the output of the ECG channel.

Xecg = X[:,0:1,:] ∈RB×1×L , (3.24)

This operation enforces a strict single-modality inference constraint and prevents any

form of test-time information leakage from non-ECG channels. For all models, the forward

pass produces a vector of classification logits

z ∈RB×C , (3.25)

where C denotes the number of target classes, which can vary between tasks. The final

class predictions are obtained by applying an argmax operation on the class dimension.

This unified input–output specification enables consistent evaluation and fair compari-

son between multimodal teacher models and ECG-only student models under identical

window-level testing conditions.
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During inference and testing, the teacher and student models follow distinct architec-

tural pathways that reflect their intended roles while maintaining a unified output inter-

face. The teacher model adopts a multimodal inference architecture, in which window-

level inputs containing all available physiological modalities are processed by independent

modality-specific encoders. Each encoder maps its corresponding signal channel to a la-

tent embedding, and the resulting modality embeddings are subsequently fused through a

transformer-based fusion module. The fused representation is then aggregated and passed

to a classification head to produce the final prediction logits. This inference pathway lever-

ages the full multimodal context available in the dataset and serves as an upper-bound

reference for representation quality.

In contrast, both the baseline student model and the knowledge-distilled student model

employ an ECG-only inference architecture that is intentionally constrained for deploy-

ment consistency. During inference, the student model receives the same window-level in-

put tensor format but explicitly operates only on the ECG channel. The selected ECG signal

is encoded by a lightweight convolutional encoder, followed by a classification head that

outputs logits in the same class space as the teacher. Importantly, the inference architec-

ture of the student model remains identical regardless of whether it is trained with or with-

out knowledge distillation. The distillation process influences only the training dynamics,

while the inference-time structure and computational pathway of the student model are

kept fixed. This design ensures a fair comparison between baseline and distilled student

models and aligns the inference behavior with practical ECG-only deployment scenarios.

The inference and testing procedure follows a unified pipeline designed to ensure con-

sistency, fairness, and reproducibility across all evaluated models. As summarized in Ta-

ble 3.9, the pipeline begins with loading the best-performing model checkpoint selected

during training and switching the model to evaluation mode to disable gradient computa-

tion. Test samples are then processed in a window-level manner using a standardized data

loader, ensuring that all models are evaluated under identical preprocessing and batching

conditions [133].

A key aspect of the unified pipeline is the explicit handling of input modalities during

inference. While the teacher model receives all available physiological modalities as input,

both the baseline student and the distilled student models strictly operate on ECG signals

only, even when additional modalities are present in the stored input tensor. This modality

selection step enforces deployment-consistent inference behavior and prevents any form

of test-time information leakage. Following the forward pass through the corresponding in-

ference architecture, class-level logits are generated for each input window, and predicted
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labels are obtained using a deterministic decision rule.

Table 3.9: Unified inference and testing pipeline for teacher and student models.

Step Operation Description

1
Load trained model
checkpoint

Load the best-performing model
checkpoint selected during training
based on validation performance. The
teacher, baseline student, and distilled
student are evaluated independently
under the same protocol.

2 Set evaluation mode

Switch the model to evaluation mode
and disable gradient computation to
ensure deterministic behavior and
reduce memory usage during inference.

3 Prepare test data loader

Iterate over the test dataset using a
window-level data loader with fixed
batch size and consistent preprocessing
across all models.

4 Select input modalities

For the teacher model, all available
physiological modalities are used as
input. For the student and distilled
student models, only the ECG channel is
selected from the input tensor.

5 Forward pass

Perform a forward pass through the
corresponding inference architecture to
generate class-level logits for each input
window.

6 Generate predictions
Obtain predicted class labels by applying
an argmax operation over the logit
outputs for each window.

7 Accumulate outputs
Collect predicted labels and
ground-truth labels across all batches for
subsequent performance evaluation.

8
Compute evaluation
metrics

Compute evaluation metrics such as
accuracy and F1-score on the aggregated
predictions to quantify model
performance.

Finally, predictions and ground-truth labels are accumulated throughout the test set to
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enable a reliable computation of evaluation metrics. By standardizing each stage of the in-

ference and testing process, the pipeline in Table 3.9 provides a common evaluation foun-

dation for multimodal teacher models and ECG-only student models alike. This unified de-

sign ensures that performance comparisons reflect differences in learned representations

and training strategies, rather than inconsistencies in test-time procedures.

During the testing stage, model predictions and performance evaluation are defined

in a unified and task-independent manner to ensure fair comparison between the multi-

modal teacher, the ECG-only baseline student, and the distilled student model. For each

input window, the model outputs a vector of class-level logits zi ∈RC , where C denotes the

number of target classes. The predicted label is determined by selecting the class associated

with the maximum logit value [134],

ŷi = argmax
c

zi ,c . (3.26)

This prediction rule is consistently applied to all models and datasets, regardless of the

number of input modalities or task-specific settings, providing a unified decision criterion

at inference time.

Model performance is evaluated primarily using classification accuracy and the F1 score.

Accuracy is defined as the proportion of correctly classified samples over the test set,

Acc = 1

N

N∑
i=1

I(ŷi = yi ), (3.27)

where N is the number of test samples and I(·) denotes the indicator function. To ac-

count for potential class imbalance commonly observed in physiological stress datasets,

the F1 score is adopted as the primary evaluation metric, as it balances precision and recall

and provides a more informative assessment than accuracy alone. For binary classification

tasks, the F1 score of the positive class is reported, while for multi-class tasks, the macro-

averaged F1 score is used,

F1macro = 1

C

C∑
c=1

F1c . (3.28)

where F1c = 2·Precisionc ·Recallc
Precisionc+Recallc

denotes the F1 score of class c. In addition, the cross-

entropy loss may optionally be computed on the test set as a reference measure of pre-

diction confidence,

Ltest =− 1

N

N∑
i=1

C∑
c=1

yi ,c log(σ(zi )c ) (3.29)
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although it is not used for model selection. Together, these metrics provide a compre-

hensive and consistent evaluation framework for both binary and multi-class stress recog-

nition tasks.

During training, model selection is performed using a validation based strategy to en-

sure an unbiased assessment of generalization performance. For each training configura-

tion, the model checkpoint that achieves the best performance in the validation set is re-

tained as the final model for testing. The primary selection criterion is the F1 score, which

provides a balanced evaluation of classification performance under both binary and multi

class settings and is particularly suitable for datasets with potential class imbalance [135].

The validation set is used exclusively for model selection and early stopping decisions,

while the test set remains strictly isolated and is accessed only once for final performance

reporting. This separation prevents information leakage and ensures that the reported test

results reflect the true generalization ability of the trained model rather than optimization

to the evaluation data.

During inference and testing, a standardized set of output artifacts is recorded to sup-

port result verification, quantitative analysis, and reproducibility. For each evaluated model,

the predicted labels and corresponding ground truth labels are saved at the window level,

enabling consistent computation of performance metrics and detailed error analysis. In

addition, confusion matrices and classification reports are generated to provide class-wise

performance summaries. Aggregated result files are further produced to summarize valida-

tion and test performance across subjects or experimental settings. These artifacts ensure

that all reported results can be independently reproduced and facilitate subsequent statis-

tical analysis and visualization. The complete list of recorded outputs and their purposes is

summarized in Table 3.10.

Table 3.10: Recorded output artifacts during inference and testing.

Artifact name Content description Purpose

Predicted labels Window-level predicted class labels Performance evaluation

Ground truth labels Window-level reference labels Metric computation

Confusion matrix Class-wise prediction counts Error pattern analysis

Classification report Precision recall and F1 scores per class Detailed performance summary

Result summary file Aggregated validation and test metrics Cross-subject comparison

To ensure that the proposed inference and testing protocol remains applicable across

different datasets and task settings, a unified adaptation principle is adopted. All mod-
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els operate on window-level signal segments with a consistent input representation, while

dataset-specific characteristics such as sampling rate, window length, and the number of

classes are handled during preprocessing and label definition. During inference, deploy-

able models rely exclusively on electrocardiogram signals, whereas the teacher model may

utilize all available modalities during training. Model outputs are consistently expressed as

class logits, which enables uniform application of prediction rules and evaluation metrics

across binary and multi-class tasks. Performance assessment follows a standardized metric

selection strategy, using accuracy and F1-based measures aligned with the task definition.

This design allows the proposed framework to generalize across datasets without modi-

fying the core inference structure, thereby supporting fair comparison and reproducible

evaluation.

In summary, this section establishes a unified and reproducible inference and testing

protocol for both teacher and student models under different task settings. By clearly sepa-

rating training and inference roles, enforcing consistent input and output definitions, and

standardizing model selection and evaluation procedures, the proposed protocol ensures

that performance comparisons are fair and methodologically sound. The exclusive use of

electrocardiogram signals during student inference further aligns the evaluation process

with realistic deployment constraints. Together, these design choices provide a transparent

experimental foundation and prepare the ground for the quantitative results and analysis

presented in the following section.

3.3.4 Evaluation Metrics

This subsection defines the evaluation metrics and the assessment protocol adopted in this

study to ensure a consistent, fair, and reproducible comparison across all models. The eval-

uation framework is applied uniformly to the multimodal teacher model, the ECG-only stu-

dent model, and the distilled student model, regardless of the training strategy or task con-

figuration. All assessments are conducted at the window level, using identical input–output

conventions and decision rules, thereby avoiding discrepancies arising from dataset struc-

ture or model modality. The selected metrics are designed to capture both overall predictive

performance and class-wise discrimination ability, while remaining robust to class imbal-

ance. In addition, the evaluation procedure clearly separates model selection in the valida-

tion set from final performance reporting in the test set, ensuring that the reported results

reflect generalization performance rather than optimization bias.

During evaluation, all models operate on window-level input samples and follow a uni-

fied input–output convention to ensure comparability between datasets and training strate-
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gies. Each evaluation batch consists of input windows X and the corresponding ground-

truth labels y , where the labels take values from the discrete class set {0, ...,C −1}. Given an

input batch, the model produces a matrix of unnormalised prediction scores, referred to as

logits, defined as

z = f (x) ∈RB×C , (3.30)

where B denotes the batch size, C is the number of target classes, and f (·) represents

the forward mapping of the evaluated model. The logits encode the relative confidence of

the model for each class before probability normalization. The final class predictions are

obtained by selecting the class index with the maximum logit value for each sample [136],

according to

ŷi = argmax
c

zc . (3.31)

where zc denotes the logit corresponding to class c. This decision rule is consistently

applied to the teacher model, the baseline student model, and the distilled student model.

During evaluation, models are executed in inference mode with gradient computation dis-

abled, and predictions are accumulated across all batches to compute dataset-level met-

rics. This unified pipeline ensures that performance differences arise solely from model

design and training strategy, rather than from inconsistencies in evaluation logic or output

interpretation.

To quantify predictive uncertainty and class separation during evaluation, cross-entropy

loss is employed as an auxiliary assessment metric for all models. For a dataset containing

N evaluation samples, the average cross-entropy loss is defined as

LCE = 1

N

N∑
i=1

(
− log

exp
(
zi ,yi

)∑C−1
c=0 exp

(
zi ,c

)) (3.32)

where zi ,c denotes the logit predicted for class c by the model on the i -th sample, yi

represents the corresponding ground-truth class label, and C is the total number of classes.

In practice, this loss is computed on a per-batch basis and accumulated across batches,

yielding the equivalent averaged form

L = total_loss

N
(3.33)

where tot al_loss denotes the sum of batch-wise cross-entropy losses weighted by batch

size. Although cross-entropy loss is not used as the primary criterion for model selection in
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this study, it provides a consistent scalar measure of prediction confidence and misclassifi-

cation severity, complementing threshold-based metrics such as accuracy and F1-score in

the evaluation protocol.

Accuracy is used as a fundamental evaluation metric to quantify the overall proportion

of correctly classified samples across all classes. Let N denote the total number of evaluated

windows, yi the ground-truth label of the i -th sample, and ŷi the corresponding predicted

label obtained from the model logits. The accuracy is defined as

Acc = 1

N

N∑
i=1

I(ŷi = yi ) (3.34)

where I(·) is the indicator function that equals one if the prediction is correct and zero

otherwise. This metric measures the fraction of samples for which the predicted class matches

the true class, providing an intuitive summary of classification performance. Accuracy is re-

ported for all models under identical evaluation conditions and is particularly informative

when class distributions are approximately balanced. However, because accuracy alone

may obscure class-specific errors under imbalanced settings, it is interpreted alongside

complementary metrics such as the F1-score in subsequent analyzes.

The F1-score family is adopted as the primary performance metric to evaluate classifi-

cation effectiveness under both binary and multi-class settings, as it jointly reflects preci-

sion and recall and is less sensitive to class imbalance than accuracy alone [137]. For binary

classification tasks, the F1-score is computed as

F1 = 2 ·Precision ·Recall

Precision+Recall
(3.35)

where precision is defined as Precision = T P
T P+F P and recall is defined as Recall = T P

T P+F N .

Here, T P,F P and F N denote the numbers of true positives, false positives, and false nega-

tives, respectively. This formulation emphasises correct detection of the positive class while

penalising both missed detections and false alarms. For multi-class classification tasks, the

Macro-F1 score is employed to ensure equal contribution from each class, regardless of

class frequency [138]. It is defined as

F1macro = 1

C

C∑
c=1

F1c (3.36)

where C denotes the total number of classes and F 1c represents the class-specific F1-

score computed using a one-versus-rest strategy. This metric provides an unbiased esti-

mate of overall classification quality in imbalanced multi-class scenarios. In addition, a

Weighted-F1 score may be reported for completeness, defined as
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F1weighted =
C∑

c=1

Nc

N
F1c (3.37)

where Nc is the number of samples in class c and N is the total number of samples.

While Weighted-F1 reflects dataset class distribution, Macro-F1 is selected as the primary

metric for model selection in multi-class tasks, ensuring that performance improvements

are not dominated by majority classes.

The confusion matrix is used as a complementary diagnostic tool to provide a detailed

class-wise analysis of the model predictions beyond the aggregate performance metrics. It

records the distribution of predicted labels against the corresponding ground-truth labels,

thereby revealing specific patterns of misclassification that may not be apparent from ac-

curacy or F1-score alone. By examining the confusion matrix, it becomes possible to iden-

tify whether classification errors are concentrated in particular classes or arise from sys-

tematic confusion between specific class pairs. This information is particularly valuable

for analyzing model behavior under class imbalance and for understanding failure modes

in both binary and multi-class tasks. In this study, confusion matrices are generated during

the final testing stage using the best validation-selected checkpoint and reported alongside

summary metrics to support a transparent and interpretable performance evaluation.

The evaluation procedure is consistently applied across the training, validation, and

testing stages in order to ensure fair model comparison and reliable performance report-

ing. As summarised in Table 3.11, the training stage focuses on monitoring optimisation

behaviour by reporting loss, accuracy, and task appropriate F1 scores at the end of each

epoch, which are used solely for convergence analysis. The validation stage serves a dis-

tinct role in model selection, where performance metrics are computed without parame-

ter updates and the checkpoint yielding the best validation F1 score is selected as the fi-

nal model. Importantly, the test stage is strictly reserved for final performance assessment

and is executed only once using the selected checkpoint, thereby avoiding any informa-

tion leakage into model development [139]. During testing, accuracy, F1 score, confusion

matrix, and classification report are generated to provide both quantitative and diagnostic

insights. This unified evaluation protocol ensures that optimisation, model selection, and

performance reporting are clearly separated, improving reproducibility and methodologi-

cal transparency.
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Table 3.11: Evaluation procedure across training, validation, and testing stages.

Stage Purpose Reported outputs

Training Model optimisation
and convergence moni-
toring

Training loss, accuracy, F1
score computed at epoch end

Validation Model selection and
early stopping criterion

Validation loss, accuracy,
F1 score used to select best
checkpoint

Testing Final performance eval-
uation

Test accuracy, F1 score, con-
fusion matrix, classification
report

The reported outputs and recorded artifacts are designed to support transparent eval-

uation and reproducibility of all experimental results. For each evaluated model, window-

level predicted labels and corresponding ground truth labels are preserved to enable con-

sistent metric computation and independent verification. In addition, summary perfor-

mance metrics, including accuracy and F1-based measures, are recorded for each experi-

mental setting. Diagnostic outputs such as confusion matrices and detailed classification

reports are also generated to facilitate error analysis and interpretation of model behaviour.

All results are stored in a structured and consistent format across datasets and tasks, ensur-

ing that experimental findings can be reliably reproduced and that subsequent statistical

analysis and visualization can be conducted without ambiguity.

In summary, this subsection has established a unified evaluation framework that de-

fines how model performance is assessed across different tasks, datasets, and training con-

figurations. By adopting window-level evaluation, clearly separating training, validation,

and testing stages, and selecting metrics that are robust to class imbalance, the proposed

approach ensures fair and reproducible performance comparison. The combination of ag-

gregate metrics and diagnostic outputs further supports transparent interpretation of model

behaviour. While these evaluation choices provide a consistent basis for quantitative anal-

ysis, they also rely on several methodological assumptions related to data segmentation,

label definition, and deployment constraints. These assumptions, along with the inherent

limitations of the proposed methodology, are discussed in the following section.
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3.4 Methodological Assumptions and Constraints

This section outlines the key methodological assumptions and constraints underlying the

proposed framework, with the aim of clarifying its scope of applicability and interpretation.

These assumptions are introduced to ensure consistency in model training, evaluation, and

cross-setting comparison. Rather than reflecting experimental limitations, they represent

deliberate design choices that balance methodological rigor, reproducibility, and practical

deployment considerations. By explicitly stating these assumptions, the evaluation results

presented in subsequent sections can be interpreted within a clearly defined methodolog-

ical context.

A primary assumption of this study concerns window-level analysis and label assign-

ment. Each signal window is treated as an independent sample, and temporal dependen-

cies across adjacent windows are not explicitly modeled [140]. In addition, labels are as-

sumed to remain constant within each window, implying that transitional states occur-

ring inside a window are not separately represented [141]. This assumption simplifies both

training and evaluation by enabling a uniform window-based classification formulation

across datasets. Furthermore, dataset-provided annotations are treated as ground truth

without additional modeling of annotation uncertainty or subject-specific variability. These

choices facilitate consistent evaluation and fair comparison across different experimental

conditions.

Several constraints arise from the model design and deployment objectives. In partic-

ular, the student model is strictly constrained to operate using electrocardiogram signals

only during inference, reflecting practical requirements for wearable and low-complexity

monitoring systems. As a result, potentially informative signals such as electromyogram

and electrodermal activity are excluded at deployment, even though they are available dur-

ing teacher training. In addition, the student model adopts a compact architecture to re-

duce computational complexity, which inherently limits representational capacity. Knowl-

edge distillation is therefore confined to the training stage and does not introduce addi-

tional components or overhead during inference. These constraints are intentional and

align the methodological design with realistic application scenarios.

In summary, the assumptions and constraints described above define the conditions

under which the proposed framework is developed and evaluated. They enable a unified

and reproducible experimental pipeline while maintaining a clear focus on deployable

ECG-based inference. At the same time, these choices may restrict performance in sce-

narios that require long-term temporal modeling or multi-sensor deployment at inference.
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Understanding these boundaries is essential for contextualizing the reported results and

for guiding future extensions of the proposed approach.

3.5 Chapter Summary

This chapter has presented the methodological framework adopted in this study, covering

research design, signal processing, model architecture, training strategy, inference proto-

col, and evaluation criteria. A teacher–student learning paradigm with knowledge distil-

lation was introduced to leverage multimodal supervision during training while enforcing

ECG-only inference at deployment. Unified procedures were defined for training, evalu-

ation, and testing to ensure fair comparison and reproducibility across datasets and task

settings. Key methodological assumptions and constraints were also discussed to clarify

the scope and applicability of the proposed approach. Building on this methodological

foundation, the next chapter reports the experimental results and provides a quantitative

evaluation of model performance under the defined protocols.
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4
DATASETS AND EXPERIMENTAL DESIGN

T
his chapter introduces the datasets and the experimental design adopted in this

study. Three datasets are used to support the evaluation of the proposed framework,

including two publicly available benchmark datasets and one self collected multi-

modal dataset. The selected datasets cover different experimental settings, data acquisition

conditions, and labeling strategies, which together enable a comprehensive assessment of

model performance and generalization. By presenting the data sources and the experimen-

tal context in a unified manner, this chapter establishes a consistent foundation for the

methodological and evaluative analyzes reported in subsequent chapters.

The chapter is organized into three main parts. First, the public benchmark datasets are

briefly described with a focus on their experimental design, signal modalities, and usage

within this study. Second, the self collected dataset is introduced, including the experimen-

tal procedure, data acquisition process, and annotation strategy. Finally, the data organiza-

tion and usage protocol is described to clarify how all datasets are processed, segmented,

and incorporated into the training and evaluation pipeline. This structured presentation

ensures transparency, reproducibility, and consistency between all experimental results.

4.1 Public Dataset

In this study, public benchmark datasets are adopted to provide a standardized and repro-

ducible basis for evaluating the proposed framework. Compared with exclusively relying

on self-collected data, public datasets enable direct comparison with existing studies and
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help assess the generalizability of the method in well-established experimental settings. In

addition, the use of multiple benchmark datasets reduces the risk of dataset-specific bias

and allows the proposed approach to be examined in different experimental paradigms and

subject populations. In this work, public datasets serve primarily as reference benchmarks

for methodological validation, rather than as the focus of empirical investigation.

Two widely used public benchmark datasets, WESAD and MAUS, are used. Both datasets

provide multimodal physiological recordings, with ECG serving as a core signal for stress

related analysis. The WESAD dataset includes synchronized ECG, EMG, and EDA signals

collected under controlled experimental conditions, together with clearly defined condi-

tion level annotations [142]. The MAUS dataset also provides multimodal recordings and is

distributed as three separate signal files, namely ECG, EMG, and EDA. In the MAUS dataset

used in this study, the EMG and EDA channels correspond to recordings based on PPG

and GSR [143]. In the present work, ECG signals are consistently used as the primary in-

put modality, while EMG and EDA related signals are incorporated only during the training

stage for multimodal representation learning.

The selected public benchmark datasets are used to support systematic training, val-

idation, and evaluation of the proposed framework. Although multimodal physiological

signals are available in both datasets, the final inference setting is strictly constrained to

only ECG signals, in order to reflect practical deployment scenarios. Additional modalities

including EMG and EDA related signals are incorporated during the training stage to en-

hance representation learning, but are not required at inference time. This unified usage

strategy is applied consistently across public datasets to ensure fair evaluation and compa-

rability. In addition to the public benchmark datasets, a self collected multimodal dataset is

constructed to further examine the proposed approach under a customized experimental

setting.

4.2 Self-Collected Multimodal Stress Dataset

This study constructs a self-collected multimodal physiological dataset designed to inves-

tigate cognitive stress under controlled experimental conditions. The dataset was devel-

oped to examine how varying levels of mental workload influence physiological responses

during task execution. Mental arithmetic tasks with graded difficulty were adopted as the

primary stress induction paradigm [144]. These tasks were selected because of their well-

established ability to elicit a stable and repeatable cognitive load. The collected data sup-

port both stress detection and difficulty-aware classification, with ECG signals serving as
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Figure 4.1: Overview of the experimental task design and trial structure. (a) Schematic illus-
tration of the temporal structure within a single trial, including the pre-experimental rest,
question presentation, answering phase, and post-experimental rest. (b) Organization of
the training and testing phases, showing the distribution of mental arithmetic questions
across different difficulty levels, including easy, medium, intermediate, and difficult condi-
tions.

the central modality for subsequent analysis.

The experimental protocol was reviewed and approved by the University of Technology

Sydney Human Research Ethics Committee under approval number ETH24-10203. A total

of twenty one participants were recruited for this study, including 9 females and 12 males,

with ages ranging from 18 to 25 years. All participants reported normal physical and mental

health, with no known cardiovascular, neurological, or psychological conditions. The ex-

periments were conducted in a quiet laboratory environment, where the participants were

seated comfortably and instructed not to be moved or interrupted by unnecessary verbal

interaction. Each experimental session lasted approximately 20 minutes and each partic-

ipant completed five sessions on separate days with at least one day between sessions, to

reduce fatigue effects and minimize accidental or transient influences.

During the experiment, participants performed a mental arithmetic task designed with

multiple difficulty levels, including easy, normal, medium, and hard conditions. The gen-

eral structure of the task and the sequence of the tests are illustrated in Figure 4.1. Each trial

followed a fixed conceptual structure consisting of a rest period, a task related phase, and

a post task rest period. During the task related phase, arithmetic questions were presented

on the computer screen, and participants selected their answers using a mouse. Visual cues

on the screen and brief auditory signals were used to indicate transitions between differ-

ent phases, ensuring a consistent experimental rhythm across trials. A short training phase

preceded the testing phase to familiarize participants with the task format and response
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Figure 4.2: Illustration of multimodal physiological sensor placement.

procedure.

For each participant, the experimental session was organized into a training stage fol-

lowed by a formal testing stage with a fixed trial structure. An initial set of trials was used

for training and task familiarization, and these trials were excluded from all subsequent

analyzes. The formal experiment consisted of a predefined number of trials, each assigned

to a single difficulty level. Specifically, the testing stage included easy, normal, medium and

hard trials, with a fixed number of trials per difficulty condition. Each trial corresponded to

one complete execution of the task sequence and was associated with exactly one difficulty

label. It is important to note that trials represent task level units, whereas signal windows

used in later analysis were derived from within trials. Therefore, task difficulty was treated

as a trial level attribute rather than a window level label.

During the experiment, multimodal physiological signals were collected, including ECG,

EDA, and EMG. Among these modalities, ECG signals were treated as the core signal for

subsequent analysis, while EDA and EMG provided complementary information related to

autonomic and muscular responses. The ECG sensor was worn on the chest near the nipple

line to ensure stable cardiac signal acquisition. The EDA device was worn on the wrist, al-

lowing continuous measurement of skin conductance changes. EMG sensors were placed

on the forearm to capture muscle activity associated with task execution. A schematic il-

lustration of sensor placement is shown in Figure 4.2. Throughout the experiment, partici-

pants were instructed to maintain a relaxed seated posture and minimize body movement

in order to reduce motion related artifacts and ensure signal quality.

All physiological signals in the self-collected dataset were acquired in a synchronized

manner under a unified experimental control program. The ECG signals were sampled at

a rate of 512 Hz, while the EMG signals were sampled at 250 Hz. Despite differences in

native sampling frequencies, all modalities were recorded within the same experimental

timeline. A shared timestamp reference was used to align data streams across devices. In

addition, experiment state markers were applied consistently to all modalities, enabling

precise temporal correspondence between physiological signals and task phases.
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The dataset adopts a state based annotation strategy to describe temporal structure

within each trial. Labels do not represent emotional or stress categories. Instead, they in-

dicate distinct experimental phases occurring during task execution. These phases include

resting periods and task related periods that are consistently defined across trials. Each sig-

nal sample is associated with a phase label, a trial identifier, and a task difficulty level. This

annotation design preserves the temporal dynamics of the experiment and supports win-

dow based analysis. It also ensures consistency between the data labeling and the modeling

settings used in subsequent chapters.

After acquisition, the raw multimodal signals were processed through a structured pre-

processing pipeline to ensure data consistency and usability for model training. Original

recordings were first converted from device-specific data streams into continuous physio-

logical waveforms. Signals from different modalities were then temporally aligned and re-

sampled to a unified sampling frequency to support synchronized analysis. Training trials

conducted at the beginning of each session were systematically removed to avoid learn-

ing effects and adaptation bias. All processed data were organized at the subject level, with

a clear separation between sessions and trials. The final outputs were stored in standard-

ized data formats suitable for downstream machine learning experiments and reproducible

evaluation.

The proposed dataset is intended for controlled cognitive stress analysis under labo-

ratory conditions and is particularly suitable for ECG-centered modeling approaches. By

combining graded mental workload tasks with synchronized physiological recordings, the

dataset provides a reliable basis for investigating stress-related patterns in a structured set-

ting. However, the experimental design does not aim to capture stress responses in natural-

istic daily environments, and the resulting data should be interpreted within this controlled

context [145]. In the following chapters, this dataset is used as the primary experimental

foundation for model development and performance evaluation.

In summary, the self-collected multimodal stress dataset provides a well-structured and

ethically approved experimental foundation for studying cognitive stress under controlled

conditions. The dataset integrates synchronized physiological signals with clearly defined

task structure and annotation strategy, ensuring consistency across subjects and sessions.

This design supports systematic analysis and reproducible modeling, and it establishes a

clear link between experimental protocol, data organization, and subsequent methodolog-

ical development.
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4.3 Data Organization and Usage Protocol

All datasets used in this study follow a unified data organization and usage protocol to en-

sure fair comparison, reproducibility, and consistency across experiments. Regardless of

whether the data originate from public benchmarks or the self-collected dataset, the same

principles are applied for preprocessing, segmentation, and evaluation. This unified strat-

egy minimizes dataset-specific bias and establishes a common experimental foundation

for subsequent methodological analysis.

Data are organized at the subject level, with each subject containing one or more record-

ing sessions composed of continuous physiological signals. Temporal alignment is main-

tained between signals and corresponding annotations along a shared time axis. Although

trial information is preserved as a logical structure, the physiological recordings remain

continuous, which supports flexible segmentation and avoids artificial boundary effects

during analysis.

For model training and evaluation, continuous signals are segmented into fixed-length

windows that serve as basic learning units. Each window is derived from within a single

trial and inherits trial-level attributes such as task difficulty [146]. In this framework, tri-

als represent experimental units that define task context, while windows represent learn-

ing units used for classification. This distinction ensures that task-level information is pre-

served without introducing label ambiguity at the signal level.

Different types of labels play distinct roles within the analysis pipeline. Phase labels de-

scribe the temporal state of the experiment and are used to guide segmentation and state-

aware analysis. Task difficulty labels are treated as trial-level attributes and are used as clas-

sification targets or auxiliary supervisory signals, depending on the experimental setting.

Stress is not assigned as a direct categorical label but is implicitly modeled through task-

induced cognitive load, which aligns the annotation strategy with the experimental design.

Training, validation, and testing splits are performed in a subject-independent manner

to prevent data leakage and ensure unbiased evaluation [147]. In all datasets, electrocardio-

gram signals are the only modality used during inference, reflecting practical deployment

constraints. Additional modalities, including electromyography and electrodermal activity,

are incorporated exclusively during training to support multimodal representation learn-

ing. This usage protocol is applied consistently to both public and self-collected datasets,

enabling transparent comparison and reliable assessment in the following chapters.
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RESULTS

T
his chapter presents the experimental results obtained to evaluate the proposed

framework across multiple datasets and classification tasks. The evaluation focuses

on subject dependent classification performance under different task complexities,

including binary and multi class settings. Results are reported using standard performance

metrics to provide a clear and consistent comparison between models. In addition to over-

all performance, detailed analyzes are conducted to examine the effect of knowledge distil-

lation, class wise prediction behavior, and training dynamics. Together, these results offer a

comprehensive assessment of the proposed approach under the considered experimental

conditions.

5.1 Overview of Evaluation Tasks and Metrics

This section provides an overview of the evaluation tasks and performance metrics adopted

in the experimental analysis. To comprehensively assess the proposed framework under

different classification complexities and data conditions, experiments were conducted on

three datasets, including two public benchmark datasets and one self collected dataset. For

each dataset, both binary and multi class classification tasks were considered when appli-

cable. This design enables a systematic evaluation of model behavior across varying num-

bers of target classes and ensures that performance trends can be examined under both

simpler and more challenging classification settings. A summary of all evaluation tasks

is presented in Table 5.1, which outlines the dataset sources, task definitions, and corre-
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Table 5.1: Evaluation tasks overview.

Dataset Task #Classes Metric

WESAD 2-class 2 Accuracy, Macro F1
WESAD 4-class 4 Accuracy, Macro F1
MAUS 2-class 2 Accuracy, Macro F1
MAUS 3-class 3 Accuracy, Macro F1
MyDB 2-class 2 Accuracy, Macro F1
MyDB 4-class 4 Accuracy, Macro F1

sponding class numbers.

As shown in Table 5.1, the WESAD and MAUS datasets were evaluated under two-classification

configurations each, while the self collected dataset was assessed using both two-class and

four class settings. This unified task configuration allows results from different datasets to

be compared in a consistent manner. Model performance was evaluated using Accuracy

and Macro F1 score across all tasks. Accuracy reflects the overall classification correctness,

while Macro F1 provides a balanced assessment by equally weighting each class, which is

particularly important for multi class problems. By adopting the same evaluation metrics

across all datasets and task settings, the reported results remain directly comparable and

facilitate a clear interpretation of performance differences in subsequent sections.

All evaluations are conducted under a subject dependent setting, where training and

testing samples are drawn from the same subject. In this study, Cross subject evaluation

is not considered. Performance results are reported at the subject level and are summa-

rized using descriptive statistics to facilitate comparison across datasets and task types.

This evaluation protocol establishes a consistent basis for the result analyzes presented in

the following sections.

5.2 Overall Classification Performance

Table 5.2 presents the overall classification performance obtained across all datasets and

task settings. The reported results summarize the average model behavior over all subjects

for each evaluation task, with performance expressed as mean values with standard devi-

ation. Across the three datasets, the model achieved stable classification accuracy under

both binary and multi class conditions, indicating that the proposed framework maintains

reliable performance across different levels of task complexity. The inclusion of multiple

datasets in this evaluation further supports the general applicability of the reported results.
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Table 5.2: Overall classification performance of the distilled model across datasets and
tasks.

Dataset Task Accuracy (%) Macro F1 n

WESAD 2-class 88.85 ± 4.40 0.869 ± 0.045 15
WESAD 4-class 80.71 ± 4.28 0.782 ± 0.044 15
MAUS 2-class 88.07 ± 3.94 0.864 ± 0.039 22
MAUS 3-class 78.82 ± 5.05 0.755 ± 0.046 22
MyDB 2-class 74.86 ± 5.19 0.723 ± 0.052 21
MyDB 4-class 64.87 ± 5.17 0.622 ± 0.051 21

As shown in Table 5.2, higher performance is consistently observed for binary classi-

fication tasks compared with their multi class counterparts. On the WESAD and MAUS

datasets, two-class tasks achieved accuracy values close to or above eighty percent, while

performance decreased when the number of target classes increased. A similar trend is ob-

served on the self collected dataset, where the four class task exhibits lower accuracy and

Macro F1 compared with the corresponding two-class setting. These results reflect the in-

creased difficulty associated with finer class distinctions and demonstrate consistent per-

formance trends across different data sources.

In addition to accuracy, Macro F1 provides further insight into classification perfor-

mance under varying class distributions. As reported in Table 5.2, Macro F1 values follow

trends similar to those observed for accuracy, with lower scores in multi class tasks. De-

spite this expected reduction, the model maintains balanced performance across classes,

as reflected by the relatively stable Macro F1 values across datasets. Overall, the results in

Table 5.2 indicate that the proposed approach achieves robust and consistent classification

performance across diverse datasets and task configurations.

5.3 Effect of Knowledge Distillation

This section examines the effect of knowledge distillation on classification performance

across different datasets and task configurations. The comparison focuses on the perfor-

mance difference between the distilled student model and the corresponding student model

trained without distillation. Across all evaluated datasets and classification tasks, the dis-

tilled student consistently achieves higher accuracy than the non distilled counterpart. This

improvement is observed under both binary and multi class settings, indicating that the

benefit of knowledge distillation is not restricted to a specific dataset or task complexity.

The teacher model is included as a reference to illustrate the performance upper bound,

79



CHAPTER 5. RESULTS

Figure 5.1: Per subject classification accuracy comparison between the teacher model, the
baseline student model, and the distilled student model on the WESADB two-class task.

Figure 5.2: Per subject classification accuracy comparison between the teacher model, the
baseline student model, and the distilled student model on the WESADB four class task.

while the primary emphasis remains on the relative gain achieved by the distilled student

model.

The per subject accuracy results on the WESAD dataset further illustrate the effect of

knowledge distillation under both binary and multi class settings. As shown in the Fig-

ure 5.1, and Figure 5.2, the distilled student model consistently outperforms the baseline

student model for the majority of subjects. This improvement is observed across nearly all

evaluated subjects, indicating that the performance gain is not driven by a small subset

of individuals. In addition, the relative improvement of the distilled model is more pro-

nounced in the four class task, where the classification problem is more challenging. These

observations suggest that knowledge distillation provides a stable and subject independent

performance benefit on the WESAD dataset across different task complexities.

Similar performance trends are observed on the MAUS dataset for both two-class and

three-class tasks. Although the overall accuracy levels are lower than those reported for

the WESAD dataset, the distilled student model maintains a consistent advantage over the
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Figure 5.3: Per subject classification accuracy comparison between the teacher model, the
baseline student model, and the distilled student model on the maus two-class task.

Figure 5.4: Per subject classification accuracy comparison between the teacher model, the
baseline student model, and the distilled student model on the maus three-class task.

baseline student model across most subjects, indicating that the benefit of knowledge dis-

tillation remains stable under different data characteristics.

The self collected MyDB dataset exhibits a similar performance pattern to the public

benchmarks, while overall accuracy levels are further reduced compared with the MAUS

dataset. Despite this decrease, the distilled student model continues to outperform the

baseline student model for most subjects in both two-class and four class tasks, indicat-

ing that the positive effect of knowledge distillation persists under more challenging and

noisy data conditions.

When comparing results across datasets and task configurations, a consistent pattern

emerges regarding the effect of knowledge distillation. While the absolute classification ac-

curacy varies across WESAD, MAUS, and MyDB, the relative performance gain of the dis-

tilled student model over the baseline student model remains stable. In particular, the im-

provement introduced by knowledge distillation is more evident in multi class tasks, where

the classification problem is inherently more challenging. This observation holds across
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Figure 5.5: Per subject classification accuracy comparison between the teacher model, the
baseline student model, and the distilled student model on the maus two-class task.

Figure 5.6: Per subject classification accuracy comparison between the teacher model, the
baseline student model, and the distilled student model on the maus three-class task.

datasets with different data sources, signal characteristics, and experimental conditions,

indicating that the effectiveness of knowledge distillation is not limited to a specific dataset

or task setting.

Overall, the results presented in this section demonstrate that knowledge distillation

provides a reliable and consistent performance improvement for the student model across

diverse datasets and classification tasks. The observed gains are not driven by isolated sub-

jects or specific experimental settings, but instead reflect a general trend that persists under

varying levels of task complexity and data quality. These findings establish a solid empirical

basis for the use of knowledge distillation in ECG based stress classification and motivate

further discussion on its practical implications and limitations in the following section.

Although direct comparisons with existing ECG-only methods could provide additional

reference points, such comparisons were not the primary focus of this study. The main ob-

jective of this work is to investigate whether multimodal physiological information can be

used effectively during training to enhance ECG-only inference, rather than to establish a
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new state-of-the-art ECG-only model in specific benchmark settings. Existing ECG-only

approaches often differ substantially in dataset characteristics, preprocessing pipelines,

task definitions, and evaluation protocols, which makes direct and fair comparison chal-

lenging and potentially misleading. Instead, this study adopts a controlled teacher–student

and ablation-based evaluation framework, where the contribution of multimodal training

is isolated by comparing models trained with and without access to complementary phys-

iological signals under identical conditions. This design allows the performance gains in-

troduced by multimodal-informed training to be examined in a transparent and internally

consistent manner, without confounding effects introduced by heterogeneous experimen-

tal settings.

5.4 Confusion Matrix and Class-wise Performance

This section presents a class wise performance analysis based on confusion matrices in

order to complement the overall metrics reported in previous sections. While Accuracy

and Macro F1 provide a global assessment of classification performance, confusion ma-

trices offer more detailed insight into error distribution across different classes. To avoid

redundancy and maintain clarity, only representative tasks are selected for visualization

and analysis. All confusion matrices are presented in a row normalized form, which en-

ables a clearer comparison of class specific prediction behavior by reducing the influence

of class sample size. The analysis in this section focuses on two aspects, including model

level comparison within the same dataset and pattern comparison across different datasets

under multi class settings.

The class wise comparison on the WESAD multi class task further highlights the effect

of knowledge distillation on error distribution. As illustrated in Figure 5.7, the baseline stu-

dent model exhibits notable inter class confusion, as reflected by the increased off diagonal

values in the row normalized confusion matrix shown in Figure 5.7(c). In contrast, the dis-

tilled student model demonstrates a clearer separation between classes, with stronger di-

agonal dominance and reduced misclassification rates across multiple classes, as shown in

Figure 5.7(b). When compared with the teacher model in Figure 5.7(d), the distilled student

presents a prediction pattern that more closely aligns with the teacher, indicating a con-

sistent shift toward improved class wise discrimination. These observations suggest that

knowledge distillation not only improves overall accuracy, but also contributes to a more

balanced and structured distribution of classification errors at the class level.

The cross dataset comparison of class wise performance further demonstrates the con-
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(a) (b)

(c) (d)

Figure 5.7: Row normalized confusion matrices illustrating class wise prediction perfor-
mance under different classification settings on the WESAD dataset. (a) Confusion matrix
of the distilled student model for the binary classification task, showing clear class separa-
tion with high diagonal dominance. (b) Confusion matrix of the distilled student model for
the four class task, where increased off diagonal entries indicate higher classification diffi-
culty under finer class granularity. (c) Confusion matrix of the baseline student model for
the four class task, exhibiting more pronounced inter class confusion and reduced diagonal
values compared with the distilled model. (d) Confusion matrix of the teacher model for the
four class task, serving as a performance reference and demonstrating stronger class sep-
aration. All matrices are row normalized to highlight class specific error distributions and
enable direct comparison of prediction behavior across models and task settings.

sistency of prediction patterns produced by the distilled student model. As shown in Fig-

ure 5.8, all three datasets exhibit dominant diagonal elements, indicating that the model

maintains a clear primary classification tendency across different data sources. However,

the degree of inter class confusion varies across datasets. The WESAD dataset in Figure 5.8(a)

shows relatively stronger class separation, while the MyDB dataset in Figure 5.8(b) presents

increased confusion between certain classes, reflecting higher task difficulty. The MAUS

dataset in Figure 5.8(c) exhibits intermediate behavior, with moderate diagonal dominance

and localized confusion patterns. Despite these differences in absolute performance, the

overall structure of the confusion matrices remains similar across datasets, suggesting that

the distilled model preserves consistent class wise discrimination behavior under varying

data conditions.

Overall, the confusion matrix analysis provides complementary evidence to the quan-

titative metrics reported in earlier sections. The observed error distributions indicate that
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(c)

(b)(a)

Figure 5.8: Row normalized confusion matrices of the distilled student model for multi
class classification tasks across different datasets. (a) Confusion matrix for the four class
task on the WESAD dataset, showing relatively strong diagonal dominance with moderate
inter class confusion. (b) Confusion matrix for the four class task on the MyDB dataset,
where increased off diagonal values indicate higher classification difficulty under more
complex and noisy data conditions. (c) Confusion matrix for the three-class task on the
MAUS dataset, illustrating intermediate class separation performance between WESAD
and MyDB. All confusion matrices are row normalized to emphasize class wise error distri-
bution and enable a direct comparison of prediction patterns across datasets with different
characteristics and task definitions.

knowledge distillation improves class wise discrimination by reducing inter class confu-

sion and strengthening diagonal dominance across multiple tasks. These improvements

are consistently observed within the same dataset and across different datasets under multi

class settings. The alignment between the confusion matrix patterns and the previously re-

ported performance metrics further supports the effectiveness of the proposed approach.

In the following section, the training dynamics and convergence behavior of the models

are examined to provide additional insight into the optimization process.

5.5 Training Dynamics and Convergence Behavior

This section analyzes the training dynamics and convergence behavior of the evaluated

models in order to further validate the reliability of the reported performance gains. While

the previous sections focus on final classification results and class wise error patterns, ex-

amining the training process provides additional insight into whether these improvements

are achieved through stable and consistent optimization. To this end, representative train-
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(a) (b)

(c) (d)

Figure 5.9: Training dynamics and convergence behavior of the evaluated models on the
WESAD dataset under different classification settings. (a) Training loss curves for the bi-
nary classification task, illustrating the optimization process of the teacher, student, and
distilled student models. (b) Validation accuracy curves for the binary classification task,
showing the evolution of predictive performance across training epochs. (c) Training loss
curves for the four class task, where increased task complexity leads to higher loss values
and slower convergence. (d) Validation accuracy curves for the four class task, highlight-
ing differences in convergence speed and final performance among the three models. In all
cases, the distilled student model demonstrates smoother convergence and improved val-
idation performance compared with the baseline student model, while the teacher model
serves as a reference upper bound.

ing and validation curves are presented to illustrate convergence characteristics, followed

by a statistical analysis that quantifies the significance of performance differences between

models. Together, these analyses aim to ensure that the observed improvements are not

attributable to random variation or unstable training behavior.

The training and validation curves shown in Figure 5.9 provide further insight into the

convergence behavior of the models under different task complexities on the WESAD dataset.

For the binary classification task, the distilled student model converges more rapidly than

the baseline student model and achieves higher validation accuracy, as illustrated in Fig-
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(c)

(a) (b)

Figure 5.10: Validation accuracy curves for multi class classification tasks across different
datasets. (a) Validation accuracy on the WESAD four class task, illustrating the convergence
behavior of the teacher, student, and distilled student models under a public benchmark
setting. (b) Validation accuracy on the MyDB four class task, where overall accuracy lev-
els are reduced due to increased data complexity and noise. (c) Validation accuracy on the
MAUS three-class task, showing intermediate convergence performance between WESAD
and MyDB. Across all datasets, the distilled student model consistently achieves higher val-
idation accuracy than the baseline student model throughout training, while the teacher
model serves as a reference upper bound.

ure 5.9(b). A similar pattern is observed for the four class task, where increased task dif-

ficulty results in slower convergence and lower overall accuracy for all models, as shown

in Figure 5.9(d). Despite this increase in complexity, the distilled student maintains a con-

sistent advantage over the student model throughout the training. In addition, the corre-

sponding loss curves in Figure 5.9(a) and Figure 5.9(c) exhibit smooth and stable decreases

without signs of divergence, indicating that the observed performance improvements are

achieved through stable optimization rather than unstable training behavior.

The cross dataset comparison of training dynamics further confirms the consistency

of the distilled student model under different data conditions. As shown in Figure 5.10, all

three datasets exhibit similar convergence trends in validation accuracy, despite noticeable
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(a) (b)

(c)
Figure 5.11: Training and validation loss curves for multi class classification tasks across
different datasets. (a) Loss curves for the WESAD four class task, demonstrating smooth
and stable optimization behavior for all evaluated models. (b) Loss curves for the MyDB
four class task, where higher loss values and slower convergence reflect increased task dif-
ficulty. (c) Loss curves for the MAUS three-class task, exhibiting moderate convergence be-
havior between the WESAD and MyDB datasets. In all cases, the distilled student model
shows consistently lower loss values compared with the baseline student model, indicating
improved optimization stability during training.

differences in absolute performance levels. The WESAD dataset in Figure 5.10(a) achieves

the highest validation accuracy, while the MyDB dataset in Figure 5.10(b) presents lower

accuracy due to increased data complexity. The MAUS dataset in Figure 5.10X(c) demon-

strates intermediate behavior. Across all datasets, the distilled student model consistently

outperforms the baseline student model throughout training. Correspondingly, the loss

curves in Figure 5.11 indicate stable and monotonic decreases without divergence, further

supporting that the observed performance gains are achieved through consistent and reli-

able optimization rather than dataset specific effects.
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Table 5.3: Statistical significance analysis of performance improvements achieved by
knowledge distillation using paired t-tests.

Dataset Task Metric n Student Distill
Mean
Diff

CI95%

Low
CI95%

High
p-value

WESAD 2-class Accuracy (%) 15 84.67 88.85 4.18 2.09 6.28 0.00075

WESAD 2-class Macro-F1 15 0.823 0.869 0.046 0.027 0.065 0.00013

WESAD 4-class Accuracy (%) 15 76.17 80.71 4.55 4.42 4.68 < 10−18

WESAD 4-class Macro-F1 15 0.733 0.782 0.049 0.045 0.053 < 10−13

MAUS 2-class Accuracy (%) 22 82.89 88.07 5.18 4.20 6.16 < 10−9

MAUS 2-class Macro-F1 22 0.828 0.864 0.036 0.027 0.044 < 10−7

MAUS 3-class Accuracy (%) 22 74.26 78.82 4.57 3.62 5.51 < 10−8

MAUS 3-class Macro-F1 22 0.720 0.755 0.035 0.027 0.043 < 10−7

To further quantify the reliability of the observed performance improvements, paired

t-tests were conducted across subjects for all evaluated datasets and task configurations.

The variable n denotes the number of subjects included in each evaluation. The statisti-

cal results are summarized in Table 5.3. Across all tasks and metrics, the distilled student

model consistently outperforms the baseline student model, as indicated by positive mean

differences in both Accuracy and Macro F1. The corresponding confidence intervals do

not include zero, confirming that the observed improvements are statistically robust. In

addition, all reported p-values indicate statistically significant differences, supporting that

the performance gains achieved through knowledge distillation are unlikely to result from

random variation. These findings provide strong statistical evidence that complements the

training dynamics and performance analyzes presented earlier in this section.

In summary, the training dynamics and statistical analyzes presented in this section

demonstrate that the performance improvements achieved by knowledge distillation are

supported by stable optimization behavior and consistent convergence patterns. Across

different datasets and task configurations, the distilled student model exhibits smoother

training trajectories, higher validation performance, and statistically significant gains com-

pared with the baseline student model. These observations indicate that the reported im-

provements are not incidental outcomes of specific training runs but instead reflect reliable

and reproducible learning behavior. In the next chapter, the implications of these findings

are discussed in relation to practical deployment considerations and methodological limi-

tations.

This chapter presents a comprehensive evaluation of the proposed framework in multi-
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ple datasets and classification tasks. The experimental results demonstrate consistent per-

formance improvements achieved through knowledge distillation, as evidenced by overall

classification metrics, class wise error analysis, training dynamics, and statistical signif-

icance testing. Together, these results confirm that the observed gains are robust across

subjects, task complexities, and data sources, and are supported by stable and reproducible

training behavior. Although the Results chapter focuses on empirical observations and quan-

titative evidence, the following Discussion chapter interprets these findings in a broader

context, examines their implications for practical deployment, and addresses the limita-

tions and assumptions underlying the proposed approach.
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DISCUSSION

T
his chapter discusses the experimental results presented in the previous chapter

and provides an interpretive analysis of the observed performance trends. The dis-

cussion focuses on how model behavior varies across different datasets and classi-

fication tasks, with particular attention to the impact of task complexity and training strat-

egy on classification performance. Rather than restating quantitative results, this chapter

aims to explain the underlying factors that contribute to the observed differences in per-

formance and stability. The discussion is further contextualized by comparing the findings

with existing studies in ECG based stress recognition and by reflecting on their method-

ological and practical implications. Finally, the limitations of the current study are acknowl-

edged to clarify the scope and applicability of the reported results.

Across all evaluated settings, binary classification tasks consistently exhibited stronger

and more stable performance than multi class tasks [148]. This trend can be attributed to

the reduced decision complexity associated with binary formulations, where the model

is required to separate two broadly defined states rather than multiple overlapping cate-

gories. In emotional stress recognition, physiological responses often share similar patterns

across related stress levels, which increases class ambiguity in multi class settings [149]. As

a result, feature representations learned under binary objectives tend to be more discrim-

inative and robust, while multi class learning is more sensitive to inter class similarity and

label uncertainty. This observation aligns with the intrinsic characteristics of ECG based

signals, where stress related variations are often gradual rather than sharply separated.

Performance differences across datasets further reflect variations in experimental de-
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sign, data quality, and task structure. Public benchmark datasets benefit from standard-

ized protocols and clearer labeling schemes, which support more consistent model learn-

ing [150]. In contrast, self collected data introduce greater variability due to individual

differences, recording conditions, and subjective annotation, leading to less stable per-

formance trends. Within this context, knowledge distillation provides an effective mech-

anism to enhance student model learning by transferring structured representations from

a stronger teacher model [151]. Through this process, the student model benefits from ad-

ditional supervisory information beyond hard labels, which improves generalization and

mitigates performance degradation under constrained input conditions. The observed im-

provements indicate that informed training strategies can partially compensate for reduced

model capacity and limited modality availability.

Existing studies on ECG based stress recognition have primarily focused on improv-

ing classification performance through increasingly complex model architectures or multi-

modal signal integration. While these approaches have demonstrated strong results in con-

trolled settings, they often rely on rich input modalities or computationally intensive mod-

els, which limits their practicality for deployment in wearable and resource constrained

environments. In contrast, the current study adopts a different perspective by prioritiz-

ing ECG only inference while enhancing representation learning through informed train-

ing strategies. By leveraging knowledge distillation during training, the proposed approach

seeks to balance performance and deployability, positioning this work as a complementary

contribution rather than a direct performance driven alternative to existing methods.

The findings of this study offer several practical implications for the design of ECG

based stress recognition systems. First, they suggest that acceptable and stable performance

can be achieved without relying on multimodal inputs during inference, which supports

simpler and more wearable friendly system designs. Second, the results highlight the value

of training strategies that emphasize representation quality rather than model scale, indi-

cating that performance gains can be obtained through informed supervision even under

constrained input conditions. Finally, the observed effectiveness of knowledge distillation

indicates that lightweight models can benefit from guidance provided by stronger models

during training, offering a viable pathway for balancing accuracy, efficiency, and deploya-

bility in real world applications.

Several limitations of the present study should be acknowledged. First, the performance

gains introduced by knowledge distillation were not consistently observed across all set-

tings, and in some cases the student model achieved comparable or superior performance

without distillation. This outcome may be related to factors such as task simplicity, limited
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data scale, or suboptimal teacher student alignment, where the additional supervisory in-

formation did not provide further benefit. Second, the evaluation protocol did not adopt a

leave one subject out strategy, which limits the assessment of cross subject generalization

and may overestimate performance stability. Third, model performance was found to be

sensitive to signal quality, particularly in recordings affected by noise or motion artifacts,

which remains a practical challenge for ECG based systems. In addition, the scale and di-

versity of the available data constrain the generalizability of the findings, and the subjective

nature of stress labeling may introduce uncertainty into the learning process.

In summary, this chapter has interpreted the experimental findings by examining per-

formance trends across tasks, datasets, and training strategies. The discussion has situated

the results within the context of existing ECG based stress recognition studies and high-

lighted their methodological and practical implications. At the same time, key limitations

have been acknowledged to clarify the scope of the current work. Together, these discus-

sions provide a coherent understanding of the reported results and establish a foundation

for the conclusions presented in the following chapter.
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CONCLUSION

T
his study has investigated ECG based emotional stress recognition under differ-

ent datasets and classification settings, with an emphasis on performance robust-

ness and deployment oriented design. By evaluating multiple task formulations and

training strategies, the results demonstrate consistent performance trends related to task

complexity, data characteristics, and model capacity. The findings indicate that effective

stress recognition can be achieved under constrained inference conditions when appro-

priate training strategies are adopted. In general, the study provides a comprehensive as-

sessment of ECG centered stress classification and establishes a clear basis for the contri-

butions and conclusions discussed in this chapter.

This study contributes to the field of ECG based stress recognition from both method-

ological and experimental perspectives. Methodologically, it demonstrates that ECG only

inference can be effectively supported through informed training strategies, offering a prac-

tical alternative to fully multimodal deployment. Experimentally, the study provides a sys-

tematic evaluation across multiple datasets and task settings, highlighting consistent trends

related to task complexity and data characteristics. In addition, the analysis of knowledge

distillation within this context offers empirical insight into its benefits and limitations when

applied to lightweight models. Together, these contributions help clarify design trade offs

between performance, model complexity, and practical applicability in ECG centered stress

recognition systems.

Several directions for future research can be identified based on the findings and limi-

tations of this study. Further work could adopt more rigorous cross subject evaluation pro-
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tocols to better assess generalization performance in realistic settings. Improvements in

data quality and labeling consistency may also help reduce performance variability, partic-

ularly under noisy or unconstrained recording conditions. In addition, future studies may

explore more adaptive or task aware training strategies to better align teacher and student

representations when knowledge distillation is applied. These directions may support the

development of more robust and generalizable ECG based stress recognition systems.

In conclusion, this thesis presents a deployment oriented investigation of ECG based

emotional stress recognition that balances methodological rigor with practical considera-

tions. By examining performance trends across datasets, tasks, and training strategies, the

study clarifies both the potential and the limitations of ECG centered approaches under

constrained inference conditions. It is hoped that the insights provided in this work will

support future research and system design in wearable stress recognition and related ap-

plications.
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