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Abstract

As artificial intelligence-enabled wearable devices become increasingly integrated into
everyday life, they offer new opportunities to continuously monitor physiological signals
and support emotional well-being outside clinical settings. Such devices are already capable
of monitoring basic health indicators, such as activity levels and heart rate, yet their ability
to reliably infer emotional states and support real-world monitoring of mental well-being
remains limited. Early research in physiological emotion recognition demonstrates tech-
nical feasibility within lab settings, but several challenges must be addressed before these
algorithms can be effectively deployed at scale in real life. Key challenges include data avail-
ability, data consistency, human-centred validity, and real-world usability. Large, diverse,
high-quality labelled emotion datasets remain scarce, limiting robust model development.
Existing datasets are often heterogeneous in sensing modalities, devices, experimental
protocols, and annotation methods, which complicates benchmarking and hinders model
generalisation across contexts. Additionally, emotion labelling inherently involves subjective
interpretation, yet many data collection practices insufficiently incorporate participants’
lived experiences, leading to inconsistent annotations and variable data quality. Finally,
even technically capable models must align with user needs, expectations, and deployment
realities to deliver meaningful support for mental well-being.

With everyday mental well-being as the primary application, this dissertation addresses
these challenges by (1) systematically analyzing and benchmarking heterogeneous phys-
iological emotion datasets, (2) understanding participant’s perspectives and developing
human-centered approaches for collecting more authentic and reliable emotion-labeled data,
(3) introducing new datasets and modeling approaches aimed at improving robustness and
generalizability, and (4) examining user perspectives to inform the design of deployable
mental well-being technologies. Together, these contributions advance the design of physi-

ological emotion datasets, data-collection methodologies, and modelling strategies aimed



at improving ecological validity, robustness, and generalisability in emotion recognition
research. This dissertation, therefore, offers a comprehensive framework to support the
development of data-driven interventions for emotional well-being in everyday settings. Col-
lectively, the work moves the field closer to a future in which wearable intelligent systems
can more reliably interpret emotional experiences and deliver meaningful, context-sensitive

support for mental well-being in everyday life.
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Chapter 1

Introduction

“I put my heart and soul into my work, and have lost my mind in the process.”

— Vincent Van Gogh

As Vincent Van Gogh observed several decades ago, these words remain strikingly
relevant in today's fast-paced society, where maintaining good mental well-being has be-
come increasingly challenging. Escalating pressures to remain productive and competitive
across work, education, and personal life have contributed to rising stress levels, reduced
quality of life, and a growing mental health burden affecting a substantial portion of the
global population [6, 7, 8]. At the core of these challenges lies an individual's emotional
state, which profoundly in uences daily functioning, decision-making, and overall men-
tal well-being. In response, researchers in human—computer interaction (HCI), affective
computing, and ubiquitous computing have increasingly turned toward computational ap-
proaches for modeling and recognizing human emotions [9, 10, 11]. Beyond the recognition
of momentary emotional states, a growing emphasis in this research is on understanding
emotional trajectories over time and leveraging these insights to support more effective
emotion regulation. Such efforts aim to enable technological interventions that not only
detect emotional experiences as they occur but also help individuals manage them in ways
that contribute to sustained mental well-being. In the existing literature, multiple approaches
for predicting and recognizing human emotions have been explored. These include visual
modalities such as facial images and videos, auditory cues derived from speech and vocal
characteristics, and a range of behavioral signals, including body movements, interaction
patterns, and smartphone use [12, 11]. More recently, physiological signals captured by
wearable sensors, such as heart rate, electrodermal activity, and skin temperature, have

attracted increasing attention [13], as they provide continuous, relatively objective measures
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that are less susceptible to conscious control or social masking than externally observable
affective cues, making them promising for capturing emotional dynamics longitudinally in
everyday contexts. Despite the potential of physiological signal-based emotion recognition
to support mental well-being in everyday settings, critical gaps persist, slowing progress in

the eld. The following sections discuss two key gaps that this thesis aims to address.

1.1 Data Challenges in Physiological Emotion Recognition

One of the primary factors contributing to this slow progress is the persistent scarcity of
high-quality emotion data needed to develop robust, physiology—based emotion recognition
systems for mental well-being applications. Although numerous emotion and affect datasets
have been created over the years to support model development, the overall demand for
reliable labeled and unlabeled data remains largely unmet. A key factor underlying this
persistent data gap is the diversity of contexts in which emotion and affect data are col-
lected, each involving trade-offs between experimental control, ecological validity, and data
guality. At one end of the spectrum, laboratory studies use structured emotion induction
protocols, such as visual, auditory, or cognitive stimuli, to elicit speci c emotional states
under controlled conditions [14, 15, 16]. Semi-controlled settings introduce greater real-
ism by engaging participants in constrained real-world activities (e.g., interviews, debates,
presentations, or games) designed to evoke emotions while preserving some experimental
structure [17, 18]. At the other end, in-the-wild approaches capture emotional experiences
during everyday life, often through wearable sensors that enable continuous physiologi-
cal monitoring. In these contexts, emotional states are typically recorded via self-reports
delivered through companion mobile applications or smartphone-based survey prompts
[19, 20]. While this diversity of data collection paradigms broadens the eld's empirical
scope, it also introduces substantial heterogeneity in the types of data collected, directly
impacting data availability, consistency, and reuse across the community. This heterogene-

ity arises from the selection of biosignals, sensing devices, and labeling strategies used



across studies. Different research efforts prioritize different physiological signals depending
on their objectives, constraints, and experimental settings, often using non-overlapping
sensor con gurations. In laboratory environments, where participant mobility is less con-
strained, researchers can collect high- delity signals such as electroencephalography (EEG),
electromyography (EMG), electrocardiography (ECG), photoplethysmography (PPG), and
electrodermal activity (EDA). In contrast, in-the-wild studies typically rely exclusively on
signals readily available from consumer-grade wearable devices, such as smartwatches or
rings, thereby limiting data collection to a narrower set of physiological measures [14].
Beyond sensing modalities, substantial variability also exists in how emotional states are
labeled. Annotation strategies range from extensive emotion scales to standardized mental
health questionnaires administered at various intervals across lab-based experiments [21], to
lightweight approaches that rely on single-item self-reports collected periodically in daily
life settings [22]. These labeling practices further diverge in their theoretical grounding,
with studies adopting different emotion frameworks, including discrete or basic emotion
models [23], dimensional representations such as valence—arousal, or hybrid formulations
[24, 25]. Collectively, this variability in biosignal selection, sensing technology, and emotion
annotation frameworks contributes to fragmented datasets that are dif cult to align, compare,
or integrate, thereby constraining the effective reuse of data and limiting the development of

generalizable emotion recognition models.

1.2 The Missing Human-Centeredness in Data Collection and Intervention Design

Another key challenge constraining the development of physiological signal-based inter-
ventions for supporting mental well-being is the strong reliance on human participants
throughout the emotion data pipeline, including both the acquisition of physiological mea-
surements and the provision of emotion annotations via self-reports. Consequently, data
quality is closely tied to participants' willingness, sustained motivation, and ability to in-

terpret and report their emotional experiences. This reliance introduces multiple sources



of inconsistency in emotion datasets, including missing or irregular annotations, context-
dependent variability in self-reports, environmental noise, and signal degradation during
physiological data acquisition. Within HCI, substantial attention has been devoted to un-
derstanding stakeholder perspectives to design systems that are more participant-friendly
and supportive, both in the context of emotion data collection and the development of
interventions for mental well-being [26, 27]. Prior work has explored strategies to sustain
participant motivation and engagement during data collection, particularly in real-world
settings where long-term participation can be challenging, leading to improved interfaces,
prompting mechanisms, and wearable interaction designs aimed at reducing burden and en-
hancing compliance with study protocols [28, 29]. However, comparatively limited research
systematically examines how human participation itself shapes the quality, consistency,
and long-term reliability of emotion data [30]. While usability and engagement are often
considered, factors such as individual differences in emotional interpretation, contextual
in uences on reporting, and psychosocial variability and their implications for both data
quality and downstream intervention design remain underexplored. Moreover, participants'
perspectives are still insuf ciently integrated into the design of interventions intended to
support emotion regulation and sustained mental well-being [9].

This limitation re ects a broader and long-standing conceptual tension in psychology
and affective science between nomothetic and idiographic approaches to understanding
human emotions. Nomothetic approaches aim to derive generalizable laws of emotion by
aggregating data across individuals, implicitly assuming that emotional states and their
physiological correlates can be meaningfully aligned across populations. In contrast, idio-
graphic approaches emphasize within-person structure, variability, and meaning, treating
emotional experience as fundamentally shaped by individual interpretation, context, and
temporal dynamics rather than universal mappings. Classic work in psychology has long
highlighted the challenges of generalizing from group-level statistics to individual-level pro-

cesses, arguing that inter-individual averages may obscure stable intra-individual dynamics



[31, 32]. In physiological emotion recognition, the prevailing paradigm has largely followed

a nomothetic orientation, in which models are typically trained on pooled datasets under
the assumption that physiological signals such as heart rate variability, skin conductance, or
electrodermal activity carry consistent emotional meaning across individuals [13]. However,
relatively limited attention has been given to the design of idiographic methods for both
data collection and modeling in emotion recognition systems. With recent advances in
natural language processing and large language models, there is a renewed opportunity to
revisit and operationalize idiographic approaches in this domain, enabling more personalized
and context-sensitive representations of emotional experience. This thesis builds on this
methodological tension by adopting an idiographic-oriented perspective on emotion data
collection and interpretation. Rather than treating inter-individual variability as noise to be
minimized, it is treated as a contextual participant-speci c property of emotion data that
must be explicitly modeled. In doing so, the work aligns with recent trends in personalized
sensing and computational modeling that reconsider the limitations of purely population-
level inference in favor of individualized or hybrid modeling approaches. Overall, there
remains a need for a deeper understanding of how the subjectivity, behaviors, and con-
textual constraints of human participants shape both emotion datasets and the design of
deployable interventions. Addressing these gaps is essential for developing signal-based,
data-driven mental well-being interventions that are technically robust, grounded in real
human experiences, and capable of supporting sustained emotional well-being across diverse

contexts.

1.3 Research Questions

Together, these challenges in emotion recognition research underscore the need to exam-
ine emotion data through both data-centric and human-centered lenses. This dissertation
addresses these interrelated challenges to generate insights that inform more robust data

collection practices, improved modeling approaches, and the design of human-centered



Figure 1.1: The main contributions of this thesis are towards adding a human-centric
perspective to data-driven emotion recognition research.

interventions to support mental well-being. The work is guided by the following research

guestions:

1.4

RQ1: How are emotions currently captured, labeled, and represented in physiological
emotion recognition research, and what opportunities and limitations arise from

existing data collection practices?

RQ2: How can we design newer data collection approaches and Al models that
are both data-driven and human-centered, leveraging physiological signals while

accounting for participant variability and context?

RQ3: How do participants experience and interpret emotion data collection and
labeling processes in both controlled and in-the-wild settings, and how do these

experiences in uence the quality and reliability of the collected data?

RQ4: How can data-driven emotion self-tracking systems be designed to provide
meaningful, sustainable, and participant-aligned support for emotional awareness,

regulation, and well-being in everyday life?

Research Contributions

My dissertation makes the following key contributions to the eld of physiological emotion

recognition:



» Large-Scale Benchmarking and Analysis of Data Heterogeneity: | conducted the
rst large-scale benchmarking and data quality analysis of 19 physiological emo-
tion datasets to examine how heterogeneity in demographics, experimental settings,
sensing devices, and labeling strategies in uences model performance [4]. By system-
atically studying these variations, | provide insights into the challenges of learning
across diverse datasets and inform the design of modeling approaches that are more
robust to dataset differences, enabling the training of more generalizable emotion

recognition models.

* New Datasets and Modeling Methods for Capturing Subjective Emotional Re-
sponses: | introduce a novel physiological emotion dataset (EEVR) [3] that extends
beyond typical datasets by explicitly capturing the subjectivity inherent in participants’
emotional responses alongside physiological signals. This dataset incorporates richer
contextual and self-report information, enabling a more nuanced understanding of
emotional experience. In parallel, | develop and evaluate a contrastive modeling
approach designed to leverage this dataset effectively, supporting the development of

more robust emotion recognition models that better account for individual variability.

* Human-Centered Insights into Emotion Data Collection: | contribute insights
into emotion data collection by critically examining the current practices. Through
mixed-method investigations in both controlled (laboratory) [1] and everyday (in-
the-wild) [2] settings, including interviews, focus groups, surveys, and laboratory
studies, | show how limited consideration of participants' subjectivity, context, and
interpretive processes contributes to data quality issues, inconsistencies, and reliability
challenges. Building on these ndings, | propose human-centered strategies to address
these challenges and offer design and methodological guidance to better align emotion

data collection with how emotions are experienced and expressed in everyday life.

* Human-Centered Intervention Design and Application Prototypes: Finally, |



contributed to designing participant-centered approaches for collecting emotion data
in everyday contexts and developing emotional well-being interventions through
in-the-wild deployment studies. Building on the ndings, | have provided insights
into participants' needs and intrinsic motivations, informing the design of future

human-centered interventions for emotional well-being.

Overall, this dissertation advances the eld of physiological emotion recognition by
integrating human-centered insights into Al data and modeling pipelines. Collectively, these
contributions provide a holistic framework for designing more robust, interpretable, and
human-aligned emotion recognition systems that are applicable in everyday contexts and
supportive of mental health. Finally, | would like to emphasize that, although the dissertation
includes work conducted in collaboration with others, | served as the primary researcher
responsible for conceptualizing, designing, executing, and analyzing all the studies presented.
| was the rst author on all core publications included in this dissertation and led all major
research activities, including identifying research gaps, formulating research questions,
designing methodologies and experiments, conducting data collection and analysis, running
computational experiments, and writing and revising the manuscripts. The use of “we”
throughout the dissertation re ects collaborative contributions, while the central research

activities were independently led and carried out by me.

1.5 Organization of Thesis

This dissertation is organized as follows. Chapter 2 presents the background of emotion
recognition research, beginning with an overview of foundational emotion theories and
their in uence on how emotions are conceptualized and studied. It then examines human-
centered perspectives and their role in shaping prior work in mental health research. The
chapter further reviews existing approaches to physiological sensing for emotion recognition,
including relevant datasets, data collection practices, and modeling techniques that have

informed the eld to date. Lastly, | discussed past research on developing methods to support
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the collection of emotion data. In Chapter 3 (RQ1), | examined existing physiological
emotion datasets in detail, focusing on how heterogeneity manifests across data collection
settings, sensing modalities, and labeling practices. | then present large-scale benchmarking
results, including both within-dataset and cross-dataset evaluations, to demonstrate how these
sources of heterogeneity affect emotion recognition performance and model generalization.
In Chapter 4 (RQ2), | demonstrate how human-centered data, grounded in participants’
perspectives, can be effectively utilized in practice. The chapter introduces the EEVR dataset
and a contrastive modeling approach to design a new emotion recognition architecture. In
Chapter 5 (RQ3), | examine stakeholders' perspectives on current emotion data collection
practices in both laboratory and real-world settings and analyze how these practices affect
data quality. The chapter presents ndings on how to design data collection approaches with
participants' challenges, attitudes, and behaviors in mind, leveraging rather than constraining
human behavior to support more effective, human-centered emotion data collection. In
Chapter 6 (RQ2), | present a multimodal, participant-centric emotion annotation system
designed to capture emotional experiences in ways that re ect users' context, availability,
and expressive preferences, demonstrating how such approaches can improve both data
richness and participant engagement. In Chapter 7 (RQ4), | build on this work by examining
how emotion self-tracking systems can provide meaningful and sustainable support for
emotional well-being through a multi-phase user study exploring engagement, perceived
value, and long-term adoption. Finally, in Chapter 8, | conclude by discussing the integrated
summary of thesis across the chapters, followed by outlining key directions for future
research informed by this dissertation's contributions. An overview of the dissertation

structure is provided in Table 1.1.
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Chapter (Publication) RQ Methods Contribution

Chapter 3 [4] RQ1 Benchmarked (n = 19Examines heterogeneity
Datasets) using Machineacross physiological

Learning and Deep Learnemotion datasets and

ing Models demonstrates how dif-

ferences in  sensing

modalities, labeling

practices, and collection
settings affect emotion
recognition performance
and cross-dataset general-

ization.
Chapter 4 [3] RQ2 Dataset Collection (n =Introduces the EEVR
37), and Benchmarking dataset and a contrastive
emotion recognition

architecture integrating
physiological and textual
descriptions for richer
emotion modeling.

Chapter 5 [1, 2] RQ3 Part 1: Lab study (n = Investigates stakeholder
37), Part 2: Surveys (n = perspectives on emo-
75), Interviews (n = 32), tion data collection and
Focus Groups (n = 3, in-identi es principles for
volving 12 mental health designing more human-
professionals), and Expertcentered and ecologically

Evaluation (n = 25) valid datasets.
Chapter 6 RQ2 Field study (n = 33), and Introduces a participant-
Interviews (n = 33) centric multimodal emo-
tion annotation system.
Chapter 7 RQ4 Surveys (n = 145), Field Explores long-term
study (n = 42), and Inter-emotion self-tracking
views (n =10) and demonstrates the

challenges of sustained
engagement in emotion
well-being interventions.

Table 1.1: Overview of dissertation chapters, publications, methods, and contributions.
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Chapter 2

Background and Related Work

This chapter provides a detailed overview of (1) current practices in physiological emotion

data collection, and (2) the role of participants in everyday emotion data collection.

2.1 Physiological Emotion Data Collection Practices

Emotion recognition research initially focused on identifying behavioral cues, such as facial
expressions, vocal cues, text data, or movement [12, 33, 11]. With the advent of wearable
sensing technologies, researchers increasingly leveraged physiological signals to capture
internal states underlying emotional experiences [34, 35]. Physiological signals commonly
used for emotion recognition include heart rate (HR) and heart rate variability (HRV) mea-
sured via electrocardiography (ECG) or photoplethysmography (PPG), skin conductance
measured as electrodermal activity (EDA), muscle activity recorded through electromyo-
graphy (EMG), brain activity captured via electroencephalography (EEG) or functional
magnetic resonance imaging (fMRI), physical activity measured using acceleration (ACC)
or gyroscope and skin temperature (SKT) [36]. These signals provide direct insight into
internal bodily processes and are less susceptible to conscious control or intentional mask-
ing, complementing behavioral and expressive cues while enabling continuous, objective
monitoring. To study these signals, researchers have collected data across a spectrum of
experimental settings, ranging from controlled laboratory studies to semi-naturalistic envi-
ronments and real-world contexts. Laboratory studies provide high experimental control,
allowing researchers to elicit speci c emotions through images, videos, audio, virtual reality
(VR), games, or cognitive tasks [37, 38, 39, 40, 3]. Semi-naturalistic studies introduce
more realistic tasks, such as interviews, driving simulations, or phone-based activities,

enabling the capture of contextually rich emotional responses while maintaining some
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control over stimuli and timing [21, 41]. Real-world, in-the-wild data collection captures
participants' emotions as they naturally unfold, often using wearable devices alongside
ecological momentary assessments (EMA) or end-of-the-day prompts [11, 42, 19]. Tables
2.1 and 2.2 present the list of datasets collected in the past. Across these three settings,
the choice of physiological modalities is closely tied to the experiment constraints and
research objectives. Laboratory-based studies typically prioritize high- delity signals, such
as multi-lead ECG, high-resolution EEG, and precise EMG recordings, which require stable,
motion-restricted environments to minimize artifacts and ensure accurate measurement.
The controlled nature of the lab allows researchers to systematically manipulate stimuli,
elicit targeted emotional responses, and capture detailed physiological data. In contrast,
semi-naturalistic or real-world studies, which aim to observe emotions as they occur in daily
life, often rely on portable, wearable, or unobtrusive sensors that can be comfortably worn
over extended periods. These modalities include signals often available in wearable devices,
such as PPG, EDA, and skin temperature, etc. As a result, researchers often balance the
delity and richness of the physiological signals with the practicality and realism of data
collection, a trade-off that directly shapes the type of datasets available and the subsequent
design of emotion recognition models.

Furthermore, emotion annotation strategies used in physiological datasets are also di-
verse, re ecting both theoretical frameworks and practical considerations. Self-reports via
standardized questionnaires such as the Self-Assessment Manikin (SAM) [25] or Positive
and Negative Affect Schedule (PANAS) [37] are commonly used, alongside experience
sampling methods, continuous annotation tools [64, 65, 66], expert or external raters [67],
and re ective self-reporting techniques [68]. Hybrid approaches combining multiple label-
ing methods have also been explored to capture nuanced emotional responses. Theoretical
grounding of emotion labeling varies widely. Early evolutionary theories, such as Plutchik's
psycho-evolutionary model [69] and Ekman's Basic Emotion Theory [23], focus on bio-

logically hardwired, universal emotions. Appraisal theories, pioneered by Lazarus [70],
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Dataset Elicitation Method Annotation Approach
WESAD [37] Video Clips, Public speak-PANAS, SAM, State-Trait
ing, mental arithmetic, and Anxiety Inventory (STAI),
Meditation Short Stress State Ques-
tionnaire (SSSQ), physio-
logical signals
ASCERTAIN [43]  Video Clips Valence-Arousal, Engage-
ment, Liking, Familiarity,
Personality Traits

CASE [44] Video Clips Continuous Valence-
Arousal Annotations

Neurological Status Physical Activities Task-based Labels

[45]

CLAS [46] Video Clips, Images, Math, Arousal-Valence,  Task-
Stroop, Logic tasks based Labels

VREED [47] VR Video Clips SAM, PANAS

POPANE [48] Speech preparation, AnticDiscrete Emotion Cate-

ipation task, Interpersonalgories, SAM, Avoidance
communication, Affective Approach Motivation
Images, and Video Clips

EMOGNITION Audio-visual stimuli Discrete  Emotion Cate-

[49] gories, SAM, Avoidance
Approach Motivation

StressID [50] Cognitive load tasks SAM, Custom Perceived

Stress Assessment
BIRAFFE2 [51] Games, Affective Music, SAM, Game Experience
and Images Questionnaire (GEQ)
EEVR [3] VR Video Clips Textual Descriptions,
SAM, PANAS, Familiarity,
Liking, Personality Traits
KEMOCON [52] 10-minute-long debate onSelf-report Valence-
social issues Arousal, Discreet Emotion
Category, Partner An-
notations, and Expert

Annotation
AMIGOS [53] Video clips (Long and SAM, PANAS, Personality
Short) traits
RECOLA [54] Collaborative task (video SAM, PANAS

chat)

Table 2.1: Lab-based emotion datasets: Elicitation methods, annotation strategies, and
labeling approaches
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Dataset Context/Task Annotation Method

ForDigitStress [55] Job interview tasks simulat-Custom Stress Scale and
ing time pressure Saliva Cortisol

NURSE [56] Healthcare workers duringCustom Stress Question-
COVID-19 naire

G-REx [57] Long movie viewing ses-Post-Hoc SAM Scale
sions Based Tool

Laureate [58]

University setting with stu- Custom EMA (PANAVA-

dent academic routines KS, physical activity,
breakfast ingestion, caf-
feine intake, study-time
and sleep quality)

StudentLife [11]

University campus life over Photographic Affect Meter
multiple weeks (PAM) EMA, Single-item
Stress EMA

GLOBEM [59]

Naturalistic daily experi- EMA Survey (PHQ-4, PSS-
ences across diverse locat, PANAS), and Pre-Post

tions Survey
TILES [60, 60] Workplace monitoring in Single-item Stress EMA,
hospital environment Survey on daily stressors,

work behaviors, and sleep

DAPPER [61]

Dalily life across varied set-20-ltem ESM (Information

tings ( eld study) about daily events, Partici-
pants' openness to sharing
emotion, TIPI-C, PANAS),
DRM with Open-ended

Question
K-EmoPhone [62] Dalily life across varied set-Custom Questionnaire (Va-
tings (eld study) lence, Arousal, Attention,

Stress, Emotion Duration,
Task Disturbance, Emotion
Change)

SWEET Study [63]

Of ce workers' daily rou- EMA (Stress, Activity,

tines in real-life settings Food and Beverage Con-
sumption, Sleep Quality,
and Gastro-intestinal
Symptoms)

Table 2.2: Tasks and Annotation Methods in Semi-Controlled Emotion Datasets.
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emphasize the cognitive evaluation of events and the subjectivity of emotional responses.
More recent constructivist perspectives, such as Barrett's Theory of Constructed Emotion
[71], view emotions as actively constructed from sensory input, prior experiences, and
cultural context. These theoretical frameworks have informed the development of diverse
annotation tools, including dimensional models like the circumplex model [72], operational-
ized through scales such as the SAM, Geneva Emotion Wheel (GEW) [24], and EmojiGrid
[73], as well as discrete emotion measures including PANAS [74], Emotions Twenty Ques-
tions [75], and Ekman's six basic emotions [23]. Custom questionnaires and standard mental
health instruments are also commonly employed to supplement these approaches.

Despite the proliferation of emotion datasets collected across laboratory, semi-naturalistic,
and real-world settings, each dataset is constrained by its collection protocols. Many datasets
are small, lack participant diversity, and focus on limited tasks or scenarios, limiting their
generalizability and representativeness. Moreover, differences in experimental setups, an-
notation strategies, and the types of physiological data collected make it challenging to
systematically compare datasets or combine them to build larger, more generalizable models.
Most datasets still rely on relatively simple approaches for collecting emotion labels, such
as standardized scales, discrete categories, or researcher-driven methods. While several
interactive or context-aware annotation approaches exist, their usability is often limited, and
they are rarely adopted in actual dataset collection, as evident in Tables 2.1 and 2.2. As a
result, most datasets fail to fully capture the richness of participants' subjective experiences
or the nuances of situational context. Cognitive, motivational, and perceptual biases further
affect annotation reliability [76, 77, 78]. Together, these factors contribute to the lack of
large-scale, high-quality, human-centered emotion datasets, constraining model general-
ization, reproducibility, and progress in the emotion recognition eld. My research aims
to address these data challenges by understanding and designing participant-centered data

collection approaches.
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2.2 Participants' Role in Everyday Emotion Data Collection

Emotion self-tracking has its roots in psychological and behavioral research, where indi-
viduals manually recorded and re ected on moods, feelings, and daily experiences through
diaries, questionnaires, or other re ection exercises [79]. While these manual approaches
provided valuable introspective insight, they were limited by memory biases, inconsistent
logging practices, privacy concerns, and the cognitive effort required for regular documenta-
tion. With the proliferation of mobile and wearable technologies, emotion self-tracking has
become increasingly digital and accessible. Active emotion self-tracking systems typically
rely on noti cations or reminders to encourage users to re ect and self-report their emotional
states at regular intervals [80, 81, 82]. These systems are primarily user-driven, requiring
individuals to actively log their moods and emotions, enabling them to quantify their emo-
tional landscapes, recognize patterns over time, and gain insights into their personal affective
dynamics. While passive self-tracking leverages digital behavioral and contextual data as
proxies for affective states, including physiological signals, voice, facial expressions, mobile
phone usage, location, and physical activity [83, 84, 85, 86]. These passive approaches
aim to reduce user effort while providing objective, quanti ed insights that can support
emotional awareness and regulation [87, 88, 89, 13]. While early research demonstrated
high emotion recognition accuracy in controlled laboratory environments [37, 53, 90], these
emotion recognition algorithms often underperform in real-world contexts [91, 92]. Emo-
tional experiences in naturalistic settings are inherently subjective, context-dependent, and
dynamic, challenging the reliability of passive monitoring approaches [93, 94].

To enhance the performance of passive sensing systems, researchers have increasingly
explored methods for collecting emotion data in real-world settings. These approaches
often combine passive monitoring with active self-reporting, which are essential for training
and validating physiological and behavioral models [91, 95]. By capturing subjective

emotional experiences alongside continuous physiological signals, these hybrid pipelines
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provide ground truth labels that contextualize and improve the interpretability of sensor
data. However, the effectiveness of such systems depends heavily on user engagement
and sustained participation. Active self-tracking requires participants to consistently log
their emotions, and research shows that engagement is in uenced by multiple factors,
including personal interest, emotional comfort, privacy concerns, cognitive effort, and the
perceived stigma of sharing emotions [29, 82, 96, 97, 2, 98]. Users often express skepticism
regarding the utility and reliability of digital self-tracking tools and interventions compared

to human-provided care or social support, and engagement can vary with symptom severity,
personal context, and individual needs [99, 94, 100, 101]. From a physiological emotion
recognition perspective, these engagement challenges directly impact data quality, coverage,
and model performance. Inconsistent or sparse self-reports can reduce the reliability of
supervised learning approaches, while missed contextual information may lead to models
misinterpreting physiological signals. Consequently, integrating participants' subjective
experiences into the data collection pipeline is critical for capturing meaningful, context-
aware emotion labels.

To address these challenges, human-centered design approaches are increasingly em-
ployed in emotion data collection. These strategies prioritize participants' needs and prefer-
ences, incorporating features such as lightweight prompts [28, 102], context-aware prompts
[103], or personalized prompts [104, 105, 106] to reduce cognitive load and emotional
burden. In recent years, interactive, technology-assisted, and human-centric emotion self-
reporting methods have also emerged to address some limitations of static scales and support
user engagement. Examples include web- and mobile-based tools such as Find the Bot [107]
and Reconexp [108], re ective journaling platforms like mirrorU [109], and image-based
self-report tools such as the Affect Grid [110], Premo [111], and Photographic Affect Me-
ter (PAM) [112]. Other innovative approaches include opportunistic probing frameworks
(PResUP [113]), Al-assisted re ective systems (Mirror Ritual [114], Mirror Hearts [115]),

Technology-Assisted Reconstruction (TAR) [116], and methods leveraging circadian pat-
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terns in emotions [117]. More recently, LLM-based self-reporting and in-context journaling
systems, such as DiaryHelper [118], Mindshift [119], Diarymate [120], and Mindscape
[121], have been explored to support behavioral monitoring in daily life. Research has
further emphasized participatory and stakeholder-informed design methods, considering the
perspectives of clinicians, individuals with or without mental health conditions, and at-risk
populations [102, 122, 123, 120, 124, 2, 125, 27].

Despite these advances, studies show that engagement with both emotion data collection
studies and mental health interventions often declines over time, particularly when systems
require frequent manual input, present emotionally burdensome prompts, fail to protect
privacy adequately, or provide feedback perceived as unhelpful or misaligned with user
needs [29, 126, 97, 80, 127, 128]. Further research has shown that participants often struggle
to accurately self-report their emotions, as re ecting on and labeling feelings in real time
can be dif cult or cognitively demanding [129, 130, 29]. This can create a gap between
experienced emotions and reported labels, introducing noise and variability into emotion
datasets [76, 77, 26]. These ndings underscore the critical role of participants not only
in designing participant-centered interventions but also in collecting reliable, high-quality
emotion data in everyday settings. Moreover, they also highlight the importance of studying
participants' experiences in emotion data collection to better understand how subjective
interpretations, situational context, lived realities, and engagement in uence emotion labels
and overall data quality. In this dissertation, my research examines these challenges from
participants' perspectives, focusing on how their experiences in uence the quality of emotion
datasets and how data collection methods and deployable interventions can better re ect

their lived realities.
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Chapter 3

How We FEEL? Quantifying Heterogeneity in Emotion Data

Despite the potential of physiological emotion recognition to support everyday emotional
well-being, these models face a major barrier: heterogeneity across datasets. Differences in
experimental settings (e.g., lab versus in-the-wild), sensor types and con gurations, emotion
elicitation methods, and labeling strategies create domain shifts that make it dif cult for
models to generalize across datasets or real-world contexts [131, 132]. Most models are
therefore trained and tested on isolated, homogeneous datasets, limiting their scalability,
reproducibility, and practical impact [133, 132]. Unlike elds such as computer vision

or natural language processing, where standardized, large-scale datasets enable robust,
cross-domain models, physiological emotion recognition is constrained by reliance on hu-
man participants, specialized sensors, and ethical considerations [1, 2, 13]. Most publicly
available datasets are small, structurally diverse, and collected under varying protocols
and labeling schemes, making them dif cult to combine or leverage effectively. This frag-
mentation hinders data harmonization, reduces model generalizability, and slows progress
toward large-scale, reliable emotion recognition systems [131, 132, 133]. To move toward
scalable, high-impact physiological signal-based emotion recognition systems, we need to
treat data as a “shared resource” and harmonize datasets across key dimensions, such as
signal representations and labeling strategies. This is vital not only for enabling large-scale
training and effective domain adaptation but also for establishing fair and reproducible
benchmarks. In the absence of such coordination, research remains fragmented, and ndings
from one dataset may fail to generalize to others. Furthermore, the physiological emo-
tion recognition research also lacks a systematic, dataset-level benchmark for evaluating
emotion recognition models across widely used physiological signals. Such a benchmark

would enable standardized model evaluation, facilitate signal-speci c insights, and support

21



assessment of generalization across datasets. By providing consistent pre-processing and
labeling protocols, it promotes fairness, reproducibility, and meaningful comparison. This
foundation is essential for accelerating progress toward deployable emotion recognition
systems in real-world, wearable contexts.

To address the lack of standardized evaluation for heterogeneity and its impact on model
performance, in this chapter, we curated a diverse collection of 19 publicly available
datasets covering a wide range of experimental conditions and labeling strategies (as de-
tailed in appendix A.1. We performed a meta-analysis of data quality and benchmarked
this dataset suite using four representative modeling approaches commonly employed in
prior studies [133, 131, 3]: (i) traditional machine learning using handcrafted features, (ii)
deep learning applied to handcrafted features, (iii) deep learning directly on segments of
raw physiological signals, and (iv) pre-trained representation learning methods that leverage
signal embeddings learned from external tasks or domains, and presented comprehensive
performance comparisons to highlight the challenges and opportunities posed by hetero-
geneous data. In addition to performance evaluation, we also present a comprehensive
cross-dataset analysis to examine key dimensions of dataset heterogeneity that impact
model generalization, with the goal of addressing fundamental questions about which mod-
eling paradigms are effective under varying conditions. Speci cally, we examined three
harmonization dimensions: Experimental Setting, Device Type, and Labeling Method. In
addition, we conducted transferability experiments focusing on participants' demographic
characteristics. By systematically analyzing these dimensions, we uncovered how design
choices across datasets contribute to performance variability in cross-data models.

We present FEEL, the rst uni ed cross-dataset evaluation framework for emotion
recognition from physiological signals, enabling systematic analysis of model generaliz-
ability and transferability across diverse data-collection scenarios. By moving beyond
isolated dataset evaluations, FEEL facilitates a holistic assessment of model performance

under varying experimental conditions. This work aims towards the following contribu-
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tions: (1) a comprehensive benchmark of 19 publicly available emotion recognition datasets
based on physiological signals; (2) a uni ed binning strategy for data harmonization. (3)

a novel ne-tuning strategy for contrastive language-signal pretraining (CLSP) applied to
datasets lacking textual modalities; and (4) extensive cross-dataset analyses to evaluate
model transferability across variations in labeling strategies, devices, and settings, as well
as transferability across demographic groups. Together, FEEL lays the groundwork for
developing scalable, robust emotion recognition models for real-world affective computing
applications. Code implementation is available here. More information about FEEL can be

found on our website.

3.1 Methods

3.1.1 DataCuration

To enable a comprehensive evaluation of heterogeneity in emotion recognition, we curated
a collection of 19 datasets comprising PPG and EDA. All datasets are either publicly
accessible through research repositories or available upon request from the authors. These
datasets collectively represent diverse demographic populations, recording environments,
and experiment protocols, providing a basis for evaluating heterogeneity and its in uences.
PPG and EDA signals were speci cally chosen due to their non-invasive nature, widespread
implementation in commercial wearable devices, and demonstrated utility for detecting
emotional states in ecological settings relevant to real-world applications. The detailed
list of our selected datasets, participant counts, devices used, experimental settings, task

descriptions, and labeling methods is provided in Table 3.1 and Appendix A.1.

3.1.2 DataPreprocessingndStandardization

To ensure consistency across the heterogeneous formats of the 19 datasets, we developed
a uni ed preprocessing pipeline. For each dataset, we generated standardized CSV les

containing (i) extracted features along with participant ID (PID), arousal, and valence labels,
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Dataset #Subjects Devices Settings  Task Descriptions Labeling
WESAD 15 E4 Lab Neutral Reading, Funny Video Stimulus-
Clips, Trier Social Stress Test Label
(TSST), Meditation
NURSE 15 E4 Real Stress in a Work Environment Self-
(Hospital) report
EMOGNITION 43 E4 Lab Short Film Clips Stimulus-
Label
UBFC_PHYS 56 E4 Lab Speech Task - Interview/Holiday  Stimulus-
description, Arithmetic Task - Label
Countdown
VERBIO 49 E4 Lab Public speaking anxiety in real and Self-
virtual environments report
PhyMER 30 E4 Lab Video Stimuli Self-
report
EmoWear 48 E4 Lab Video Stimuli Self-
report
MAUS 22 Procomp Lab N-Back Task Stimulus-
In nit Label
CLAS 62 Shimmer3 Lab Video Stimuli, Math Problems, Stimulus-
GSR+ Logic Problems, and Stroop Test Label
CASE 30 ThoughtTech Lab Video Clips Self-
SA9309M, report
SA9308M
Unobtrusive 24 E4 Lab+Real Lab: Mental Arithmetic, Sudoku, Stimulus-
N-back, Stroop, Eye-Closing, Label
Relaxation; Real Life: Work from
Home
CEAP- 32 E4 Lab VR Video Clips Self-
360VR report
ScientISST 15 E4 Constraint  Lift a Chair, Greetings, GesticulateStimulus-
MOVE Jumps, Walk, Run Label
LAUREATE 44 E4 Real 13-Week Study in University Self-
Settings report
ForDigitStress 38 IOM Constraint  Digital Job Interviews Expert-
biofeed- Annotation
back
Dapper 88 Custom Real Emotional Experiences in Daily Self-
Wristband Life Over Five Days reports
ADARP 11 E4 Real Daily Diary Study (4 Times/14 Self-
Days) — Individuals with Alcohol report
Use Disorders
MOCAS 21 E4 Lab CCTV Monitoring Task Scenario Self-
report
Exercise 36, 31, E4 Constraint  Stroop, Trier Mental Challenge, Stimulus-
30 Debate, Counting, Label

Anaerobic/Aerobic Exercise, Rest

Table 3.1: Overview of our 19 Emotion Datasets: Participant Count, Devices Used, Experimental
Settings, Task Descriptions, and Labeling Methods. More information added in the appendix A.1.
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and (ii) raw physiological signal data with corresponding metadata. Separate les were
created for EDA, PPG, and their combined modalities. We rst segmented the data on a
per-participant, task-wise basis for the dataset collected in lab or constraint settings with
xed stimuli or tasks. In datasets with no task-speci ¢ segments (real-world datasets),
we subdivided the signals into hourly segments [133] as per self-reports. Each segment
was labeled using a uni ed binary scheme where all data was mapped to arousal and
valence dimensions [84]. For datasets where self-reported arousal-valence labels were
available, we used them directly; otherwise, we inferred arousal and valence levels based on
stimulus type, task metadata, or other self-report data available. This approach harmonized
the labeling schemes across datasets and enabled consistent categorization of our data
into binary categories. Additional dataset-speci c information and binning procedures are
documented in the appendix A.1. Following binning, the signal segments were preprocessed
to remove artifacts. We then extracted features (see section 3.1.3 separately for EDA and
PPG, followed by their concatenation to form a combined feature set. To account for inter-
individual variability and prevent dominance of any single feature due to scale differences,
participant-wise min-max normalization was applied to the extracted features [3]. Feature
selection was guided by prior work [133, 3]. Additionally, on raw signal segments, we
applied z-score normalization on a per-participant basis to standardize signal distributions,
ensuring comparability across datasets while preserving temporal structure and within-
participant variability [132]. To visualize the data-wise distribution of our features after
uni cation, see gure 3.1. Additionally, to enable more nuanced emotion classi cation
experiments, we performed a four-class binning based on the widely accepted circumplex
model of affect [134]. Each segment was further labeled into the following four classes:
High Arousal Positive Valence (HAPV), High Arousal Negative Valence (HANV), Low
Arousal Positive Valence (LAPV), and Low Arousal Negative Valence (LANV), based

on the available arousal and valence labels. This four-class approach was chosen for the

following reasons: i) Theoretical grounding and granularity — it is widely used in the
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emotion recognition and affective computing community and captures more ne-grained
emotional distinctions than binary labels. ii) Practical feasibility - arousal and valence
annotations are the most commonly available labels across our benchmark datasets, enabling
consistent application of this scheme. iii) Alignment with cross-dataset harmonization —

it maintains our experimental setting and label uni cation strategy while better re ecting

the complexity of human emotions.

3.1.3 FeatureExtraction

Figure 3.1: UMAP projection of Electrodermal Activity (EDA) and Photoplethysmography
(PPG) signals across 19 physiological datasets. Each point represents EDA and PPG features
from the dataset, color-coded by dataset source.

EDA: To extract meaningful statistical and physiological features from the EDA signal,
we rst decompose the raw signal using NeuroKit2's gaeasic function, which separates
it into tonic (slow-changing baseline) and phasic (fast, event-related) components. The
phasic signal captures skin conductance responses (SCRs), while the tonic signal represents

the baseline skin conductance level (SCL). Following this, the basic statistical features are

computed from the raw EDA signal.
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PPG: To extract physiological features from the PPG signal, we rst iterate over each
windowed segment in the rappg window dataset. Each segment signal is then cleaned
using NeuroKit2's ppgclean function to remove noise and artifacts. The cleaned PPG signal
is processed using pparocess, which extracts key features such as heart rate and waveform
characteristics. Then, ppanalyze is applied to compute PPG-speci ¢ features. Table 3.2

outlines the handcrafted statistical features chosen for training our models.

Signal Features Selected

EDA ku_eda, skeda, dynrange, slope, variance, entropy, insc, dstivativemean,
max.scr, minscr, NSCR, meanAmpSCR, meanRespSCR, sumAmMpSCR, sumRe-
SpSCR

PPG BPM, PPGRateMean, HRVMedianNN, HRVPrc20NN, HRVMInNN,

HRV_HTI, HRV_TINN, HRV_LF, HRV_VHF, HRV_LFn, HRV_HFn, HRV_LnHF,
HRV_SD1SD2, HRVCVI, HRV_PSS, HRVPAS, HRV.PI, HRV_C1d, HRV.C1a,
HRV_DFA alphal, HRVMFDFA alphalWwidth, HRV_MFDFA alphalPeak,
HRV_MFDFA _alphalMean, HRV.MFDFA alphalMax,
HRV_MFDFA alphalDelta, HRV.MFDFA _alphalAsymmetry, HRVApEN,
HRV_ShanEn, HRWuzzyEn, HRVMSEn, HRV.CMSEn, HRVRCMSEn,
HRV_CD, HRV_HFD, HRV_KFD, HRV_LZC

EDA+PPG ku_eda, skeda, dynrange, slope, variance, entropy, insc, dstivativemean,
maxscr, minscr, nSCR, meanAmpSCR, meanRespSCR, sumAmMpSCR, sumRe-
spSCR, BPM, PPQrRate Mean, HRV.MedianNN, HRV Prc20NN, HRVMinNN,
HRV_HTI, HRV_TINN, HRV_LF, HRV_VHF, HRV_LFn, HRV_HFn, HRV_LnHF,
HRV_SD1SD2, HRVCVI, HRV_PSS, HRVPAS, HRV_PI, HRV_C1d, HRV.C1a,
HRV_DFA _alphal, HRVMFDFA alphalWidth, HRV_MFDFA alphalPeak,
HRV_MFDFA _alphalMean, HRV MFDFA _alphalMax,
HRV_MFDFA alphalDelta, HRV.MFDFA alphalAsymmetry, HRVApEnN,
HRV_ShanEn, HRWuzzyEn, HRVMSEn, HRV.CMSEn, HRVRCMSEn,
HRV_CD, HRV_HFD, HRV_KFD, HRV_LZC

Table 3.2: Handcrafted Features Selected for EDA, PPG, and Combined (EDA+PPG)
Signals

3.1.4 Dataset88enchmarking

We benchmarked our 19 physiological emotion datasets (Table 3.1 across four representative
modeling paradigms to evaluate the performance of different signal modalities.
1) Traditional Machine Learning (ML): In this paradigm, we used our extracted

handcrafted statistical featurkg directly to train classical ML classi ers - RF and LDA.
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This paradigm was chosen because it serves as a strong baseline and remains prevalent in
prior literature [37, 39, 135], especially for small-sized datasets. Implementation details are
provided in the appendix A.3.1.

2) Deep Learning with Handcrafted Features: In this paradigm we used our extracted
handcrafted featurdgc as input to deep learning architectures - MER¢MLP), ResNet
(fuctResNet, LSTM{yctLSTM+MLP), and Attention-based modé},£+Attention+MLP).

This paradigm was chosen because it combines domain knowledge embedded in engineered
features with non-linear learning capabilities, representing practical scenarios where in-
terpretability and complex pattern recognition are both required [136, 137, 138, 139].
Implementation details are provided in appendix A.3.2.

3) Deep Learning on Raw Signals: In this paradigm we used raw time-series signals
X(t) directly as input to deep learning architectures - ResNet, LSTM+MLP, and CNN +
Transformer Encoder Block. This paradigm was chosen because it enables end-to-end
learning without manual feature extraction, allowing models to autonomously discover
novel representations and potentially capture subtle signal characteristics overlooked in
traditional feature engineering [140]. Implementation details are provided in Appendix
A.3.3.

4) Pretrained Representation Learning: In this paradigm, we evaluated the zero-shot
and ne-tuned performance of each of our datasets using models based on Contrastive
Language-Signal Pretraining (CLSP) [3]. This paradigm was chosen to evaluate how each
of our datasets performs when utilizing pre-trained models with or without dataset-speci ¢
training. We selected CLSP models because, to the best of our knowledge, they are the only
available pre-trained models speci cally developed for physiological emotion recognition,
trained on the EEVR dataset (described in detail in Chapter 5), and incorporating both
PPG and EDA modalities. Moreover, CLSP models have been shown to exhibit strong
cross-dataset generalization, which motivated our selection. We rst performed Zero-shot

inference without any dataset-speci ¢ adaptation to assess the direct transferability of
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pretrained representations. Then we performed Dataset-speci ¢ ne-tuning to examine how
well these representations can be adapted to each dataset's characteristics and in uence their
classi cation performance. For ne-tuning, we split the dataset into participant-wise 50-50
train and test sets, and then we employed three progressively increasing data ef ciency
regimes: few-shot (5%), low-resource (25%), and partial-participant (50%) of samples

per class from the training set. This systematic approach enables us to comprehensively
benchmark not only the baseline zero-shot performance but also the adaptation potential of

pre-trained physiological representations across our diverse dataset collection.

Figure 3.2: Our CLSP Fine-Tuning Approach, consists of lightweight neural network (Meta-Net)
that generates for each signal segment an input-conditional context token.

For ne-tuning, we adopted Conditional Context Optimization (CoCoOp) [141] ( gure
3.2 with two CoCoOp MetaNet-inspired modulation networks to condition textual prompts
based on physiological input signals. This approach was chosen because it enables adaptation
of pretrained representations without requiring ground-truth text annotations in the target
datasets. The modulation networks were designed in two architectural variants: one using
two linear layers, and another employing two stacked 1D convolutional layers applied
to the signal embedding sequence. In our implementation, we expanded beyond basic
class text labels (“high arousal,” “low arousal,” “positive valence,” or “negative valence”) to
incorporate more nuanced emotion-speci ¢ textual descriptions (detailed in appendix A.3.4

processed through the CLSP text-encoder. These enriched descriptions, along with context
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tokens, function as context-adaptive textual prompts tailored to each physiological input,
facilitating more precise mapping between signal patterns and emotional states. Complete

implementation speci cations are in Appendix A.3.4.

3.1.5 Cross-DatasebeneralizatiorAnalysis

We conducted a systematic cross-dataset analysis to quantify the impacts of contextual
heterogeneity. We grouped our datasets (see A.4.1 based on three dimensions chosen for
their potential to introduce systematic variability in data and modeling outcomes. The
dimensions include: 1) Experimental Setting: to capture the in uence of differences in
ecological validity on model performance. Our dataset collection included three settings:
the lab, a semi-realistic constraint setting, and a real-life setting. 2) Device Type: to
account for variation in sensor hardware. Our collection included wrist-worn research-grade
wearables (Empatica E4), custom-designed wearables, and lab-based devices. 3) Labeling
Method: to re ect the in uence of emotion labeling technique. Our collection includes
three annotation strategies: stimulus-based labels (assigned based on prede ned stimulus-
response assumptions), self-reported labels (re ecting participants' subjective emotional
states), and expert annotations (provided by trained observers based on behavioral cues
and self-reports). Together, these harmonization dimensions offer a structured approach to
assessing the contextual factors. To examine the in uence of demographic factors on model
transferability, we conducted supplementary experiments across two demographic attributes.
For gender-based analysis, we utilized binary male/female labels available across 8 datasets.
For age-based analysis, we partitioned subjects into two groups: Young (18-25 years) and
Old (25+ years) across 7 datasets, based on data availability. More details are provided in

Section A.4.1.
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3.1.6 MetaAnalysis

In this section, we present our meta-analysis, which included computing the numbers of
high- and low-arousal and positive- and negative-valence samples in each dataset to assess
class balance and artifact percentages. This was done as part of our qualitative analysis of
benchmarking performance to determine whether these factors could have impacted overall
performance. We begin by de ning artifacts per prior literature, discussing their impact on
data quality and performance, and then explain our artifact detection methods. Finally, we

presented our comprehensive dataset-wise analysis in Table 3.3.

Artifact Detection:

Artifacts in biosignals (EDA, PPG) are "non-avoidable distortions which get superimposed
on the signals representing emotional changes that originate from external (e.g., movement,
ambient light) or internal (e.g., electrode-skin impedance changes) sources” [142]. Artifacts
in EDA are “transient, non-sweat-gland-related perturbations of the skin conductance
signal that do not re ect sympathetic nervous system activity. Common sources of these
perturbations include abrupt motions, unstable electrode contact, and environmental factors
such as humidity or temperature uctuations [143]. Similarly, PPG artifacts are distortions

in the optical pulse waveform that are not caused by pulsatile blood-volume changes, thereby
degrading the actual cardiac-related component. Limb motion and sensor contact pressure

are signi cant sources of these distortions [142].”

Impact of Artifacts:

Artifacts in EDA signals impact the quality of emotion-representation in the data by in ating
noise relative to true sympathetic responses. In-the-wild studies show that including artifact-
contaminated segments can reduce arousal-valence classi cation accuracy by up to 20
percentage points compared to manually cleaned data, directly undermining the reliability of

affective state estimates. Moreover, un ltered motion and contact artifacts bias tonic—phasic
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decomposition methods, misestimating key features such as mean SCR amplitude, thereby
impacting machine-learning emotion classi ers that rely on these features (e.g., [144]. In
PPG signals, motion artifacts disrupt the detection of valid inter-beat intervals, leading
to heart-rate variability (HRV) metrics with mean absolute errors exceeding 30 ms and

affecting arousal prediction models (e.g., [145].

Artifact Detection Methods

EDA Artifacts: For our artifact detection, we have used the EDA artifact detection pipeline
proposed in EDArtifact [143], which involves a structured sequence of preprocessing,
feature extraction, and classi cation. The raw EDA signals are initially sampled at 4 Hz and
segmented into non-overlapping windows of 60 samples (equivalent to 15 seconds). Each
segment undergoes Haar wavelet decomposition up to level 3 to capture multi-resolution
signal characteristics. A comprehensive set of 36 features is extracted from each segment,
encompassing statistical properties (e.g., mean, variance), rst- and second-order derivative
statistics, wavelet coef cients, and characteristics of skin conductance response (SCR) peaks.
The SCR peaks are identi ed using a minimum amplitude threshold of 0.01 uS, with an
onset validation offset of 1 sample, a pre-apex search window of 3 seconds, and a post-apex
half-amplitude decay window of 10 seconds. The extracted features are then normalised and
input into a pre-trained XGBoost classi er, which has been trained to distinguish between
clean and artifact-contaminated segments.

PPG Artifacts: We used the Tiny-PPG motion artifact detection pipeline for PPG
signals, leveraging a lightweight pre-trained 1d convolutional neural network designed for
real-time deployment on edge devices [145]. Raw PPG time series data is loaded and, for
each subject (PID), segmented into non-overlapping windows of 60 samples. Each window
is reshaped to the model's expected input tensor shape [batch, channel, length] =[1, 1, 60].
Inference is performed window-wise, with each segment passed through the model to obtain

a segmentation mask indicating the likelihood of motion artifact. A sigmoid activation is
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applied to convert logits into probabilities, followed by binarisation using a threshold of
0.5. The prediction for the entire signal is aggregated using a mean-based criterion. If the
average probability of artifact presence exceeds 0.5, the segment is labelled as containing a

motion artifact.

Dataset Name High Low Positive Negative EDA PPG

Arousal Arousal Valence Valence Artifacts Artifacts

(%) (%)

WESAD 120 120 120 120 11.34+21.22 91.84+ 7.56
NURSE 130 162 248 44 18.76+1499 100+0
EMOGNITION 252 212 295 169 33.75+36.92 94.09+5.08
UBFC_PHYS 208 464 328 344 8.3+19.18 00
VERBIO 254 115 288 81 24.7 + 33.3753.45 + 10.35
PhyMER 1036 1684 1128 1592 2.89+10.09 00
EmoWear 1950 1602 1216 2336 7.70+14.03 0.03+1.68
MAUS 352 176 352 176 0.64+1.52 100+ 0
CLAS 1560 1440 1560 1440 70.82 + 27.5 00
CASE 332 988 816 504 98.67+1.9 100+ 0
Unobtrusive 707 213 359 561 12.6+45 3.80+19.13
CEAP-360VR 98 158 135 121 13.41 £ 9.67 6.67 £ 3.5
ScientISST MOVE 30 60 31 59 59.81 + 10.9 96.67 + 17.95
LAUREATE 718 254 703 269 18.92+18.42 92.01 +4.67
ForDigitStress 505 82 154 433 0+£0 11.83+£10.02
Dapper 2244 757 307 2694 7.28+2.94 37.6+2.48
ADARP 13 4 14 3 68.7 + 14.47 100+ 0
MOCAS 98 98 36 160 33.67+10.3 31.9+14.03
Exercise 427 455 347 535 50.55+7.47 95.08+1.17

Table 3.3: Data quality statistics across datasets. Bold values in the Arousal and Valence
columns indicate near-balanced class distributions (min/mag:9 ). Bold values in the
artifact columns denote cases where over 90% of the data across participants is affected by
artifacts.

3.2 Experiments

We conducted separate experiments for arousal, valence, and four-class classi cation using
three input con gurations: EDA only, PPG only, and EDA+PPG. For four-class classi cation,
CLSP ne-tuning benchmarking could not be performed on several datasets: NURSE,
UBFC_PHYS, MAUS, Unobtrusive, VERBIO, and ADARP lacked samples from one or

more classes, while MOCAS and ScientiISST MOVE had insuf cient samples for 5% ne-
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tuning. Additionally, we did not benchmark DL-based models for four-class classi cation
(except HC+MLP) due to their poor performance in binary classi cation. Overall, this set of
experiments enabled a systematic comparison of the standalone utility of each modality and
its combined contribution across various modeling paradigms.

ML and DL Paradigm: We evaluated the performance of our ML and DL models
using Leave-One-Subject-Out Cross-Validation (LOSO-CV), to ensure subject-independent
evaluation and re ect real-world deployment conditions. Performance was measured using
average accuracy and F1 scores, standard metrics in physiological emotion recognition
[37, 3] computed across all LOSO folds. For raw signal-based DL models, we used a
sliding window approach with a window size of 60 samples and 50% overlap between
consecutive windows. To mitigate class imbalance in both arousal and valence classi cation,
we applied random oversampling to all datasets and SMOTE (Synthetic Minority Over-
sampling Technique) to datasets with signi cant imbalance (de ned as a class size difference
exceeding one-third). We did not apply oversampling during CLSP ne-tuning, except in
cases of signi cant imbalance. Additional architectural and training details are provided in
Appendix A.3.

Pretraining Paradigm: We evaluated pretrained models under subject-independent
conditions using three data ef ciency regimes: 5%, 25%, and 50% of training data per class.
Each dataset was split participant-wise into 50% training and 50% testing sets. To ensure
robustness, we repeated the experiment with the train and test splits swapped and computed
the average accuracy and F1 score across both folds. See additional details in Appendix
A.3.4.

Benchmarking Analysis: To evaluate performance variations across datasets, we
conducted a comprehensive meta-analysis, examining the impact of data quality factors (see
3.1.6, sensor modality (EDA, PPG, EDA+PPG), and task (Arousal and Valence) on model
effectiveness. We further ranked overall dataset performances and performed a qualitative

analysis to interpret the observed trends. This involved assessing model behavior across
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different modalities and tasks, and attributing performance differences to underlying factors
in the data collection pipeline, speci cally, the recording environment, labeling methodology,
elicitation task, and sensing devices used.

Cross-Dataset Analysis: To evaluate generalization performance, we rst identi ed
the top three performing models for each dataset. Through majority voting across these
top models, we observed that classical machine learning approaches (LDA, RF), the hybrid
handcrafted feature-based HC+MLP architecture, and CLSP models with MLP and CNN
meta-learners consistently outperformed more complex signal-based deep learning models.
Based on this analysis, we selected LDA, RF, HC+MLP, and all CLSP variants for cross-
dataset evaluation. To speci cally assess cross-domain transferability, each selected model
was retrained on its corresponding training partition and evaluated on non-overlapping
dataset groups. These results were then compared against two key baselines: 1) the leave-
one-dataset-out (LODO) performance, representing in-domain transferability within the
training cohort, and 2) the CLSP zero-shot performance, which served as a pretrained,
no-adaptation baseline for out-of-domain generalization. Where the LODO evaluation used
RF and HC+MLP models to examine within-cohort generalization, i.e., how well models
trained on all but one dataset performed when applied to the held-out dataset from the
same domain. This comparison enabled a comprehensive analysis of the generalization
capabilities of both traditional and pre-trained models when applied to unseen datasets (see
more details in Appendix A.4.

Computation: For our benchmarking experiment, the computational cost varied by
dataset complexity and size. The ve largest datasets, including CLAS, CASE, Unobtrusive,
DAPPER, and LAUREATE, required approximately 600—720 GPU hours (56 days) each.
While the remaining 14 datasets required 24—-30 hours each, totaling approximately 336-420
GPU hours. Raw signal-based deep learning models were the most computationally inten-
sive, whereas traditional ML models were signi cantly faster. Fine-tuning CLSP models was

highly ef cient, requiring only 1-30 minutes of GPU training time, depending on dataset
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size. All experiments were conducted on 4 NVIDIA A100, 2 H100, and 2 H200 GPUs;

more information about the compute resources is provided in Appendix A.2.

DataSet | EDA \ PPG \ EDA+PPG
\ Best Model Fi1 Best Model F1| BestModel F1
WESAD Signal + Resnet 0.83 HC+MLP 0.8 HC+MLP 0.91
NURSE CLSP+CNN (5%) 0.62 CLSP+MLP (50%) 0.52 CLSP+CNN (5%) 0.62
EMOGNITION CLSP+MLP (5%) 0.68| CLSP+MLP (50%) 0.62 CLSP+CNN (5%) 0.57
UBFC_PHYS CLSP+MLP (5%) 0.45| CLSP+CNN (25%) 0.34 CLSP+MLP (5%) 0.41
PhyMER CLSP - Zero Shot 0.51 LDA 0.42 LDA 0.42
EmoWear RF 0.64 RF 0.64| CLSP+MLP (50%) 0.67
MAUS Signal + Resnet 0.83 RF 0.82 RF 0.82
CLAS RF 0.69 RF 0.66 RF 0.70
CASE Signal+CNN+Transformer 0.47 HC+MLP 0.30| CLSP+MLP (5%) 0.40
Unobtrusive RF 0.88 RF 0.87| CLSP+MLP (50%) 0.86
CEAP-360VR CLSP+CNN (5%) 0.56 CLSP+CNN (5%) 0.43 CLSP+MLP (5%) 0.45
ScientISST MOVE HC+Attention+MLP 0.77 RFY 0.81 HC+MLP 0.88
Dapper CLSP+CNN (50%) 0.77 CLSP+CNN (5%) 0.70 CLSP+MLP (5%) 0.81
ForDigitStress CLSP+MLP (25%) 0.94 RFY 0.99 RFY 0.99
ADARP CLSP+MLP (25%) 0.83 CLSP+CNN (50%) 0.80 CLSP+MLP (25%) 0.62
Exercise CLSP - Zero Shot 0.63 CLSP+CNN (25%) 0.57 CLSP+MLP (5%) 0.54
MOCAS CLSP+CNN (5%) 0.65| CLSP+MLP (5%) 0.62 CLSP+MLP (25%) 0.63
LAUREATE RP 0.69 | CLSP+MLP (50%) 0.77 CLSP Zero-Shot 0.82
VERBIO CLSP+CNN (50%) 0.83 CLSP+CNN (50%) 0.77 CLSP+CNN (50%) 0.72

Table 3.4: Best-performing model and corresponding F1 score for arousal classi cation across alll

datasets and modalities (EDA, PPG, EDA+PPG). The table lists, for each dataset and modality, the
model that achieved the highest F1 score. * : re ects results that are achieved after applying random
sampling before CLSP ne-tuning. t: re ects results achieved after applying SMOTE.

3.3 Results

We summarize the main results in this section, with additional details provided in Ap-

pendix A.5. We begin by outlining the performance trends observed across the individual

datasets, followed by a detailed explanation of benchmarking performance and cross-dataset

evaluation.

3.3.1 Benchmarking?erformanceacrosdModeling Paradigms

Overall Comparision: The overall benchmarking results are summarized in Tables 3.4, 3.5,

and 3.6. On average, pretrained models, particularly various CLSP variants, consistently

outperformed other approaches across datasets for binary classi cation, contributing to

36



DataSet | EDA PPG EDA+PPG
\ Best Model F1 | Best Model F1 | Best Model F1
WESAD CLSP+CNN (50%) 0.83 CLSP+CNN (50%) 0.83 HC+MLP 0.98
NURSE CLSP - Zero Shot  0.62 CLSP+CNN (5%) 0.39| CLSP Zero-Shot 0.38
EMOGNITION CLSP - Zero Shot  0.53 CLSP+MLP (5%) 0.50 CLSP+CNN (5%) 0.39
UBFC PHYS RF 0.76 LDA 0.68 RF 0.72
PhyMER CLSP - Zero Shot  0.72 CLSP+CNN (50%) 0.69 CLSP+MLP (50%) 0.70
EmoWear CLSP+CNN (50%) 0.78 CLSP+CNN (50%) 0.77 RF 0.77
MAUS HC+MLP 0.58 LDA 0.56 LDA 0.59
CLAS CLSP - Zero Shot  0.64 CLSP+CNN (25%) 0.61 HC+Attention+MLP 0.63
CASE CLSP+MLP (5%) 0.54 LDA 0.48 LDA 0.49
Unobtrusive CLSP - Zero Shot 0.7 RF 0.71| CLSP+CNN (25%) 0.70
CEAP-360VR CLSP+CNN (5%) 0.62] CLSP+CNN (5%) 0.61 LDA 0.50
ScientISST MOVE| CLSP+MLP (50%) 0.82 CLSP+CNN (50%) 0.80 CLSP+CNN (50%) 0.82
Dapper CLSP+CNN (50%) 0.87) CLSP+CNN (50%) 0.8 CLSP+CNN (50%) 0.94
ForDigitStress CLSP+CNN (5%) 0.87 RF 0.92 RP 0.92
ADARP CLSP - Zero Shot  0.30 CLSP Zero-Shot  0.40 HC+MLP 0.47
Exercise CLSP - Zero Shot 0.7 CLSP+CNN (50%) 0.72 CLSP+MLP (50%) 0.71
MOCAS CLSP - Zero Shot  0.89 CLSP+CNN (50%) 0.87 CLSP+CNN (25%) 0.82
LAUREATE HC+MLP 0.36 HC+MLP 0.41| CLSP+MLP (50%) 0.40
VERBIO HC+MLP 0.40 HC+MLP 0.38| CLSP+MLP (5%) 0.34

Table 3.5: Best-performing model and corresponding F1 score for valence classi cation across all
datasets and modalities (EDA, PPG, EDA+PPG). The table lists, for each dataset and modality, the
model that achieved the highest F1 score. * : re ects results that are achieved after applying random

sampling before CLSP ne-tuning. t: re ects results achieved after applying SMOTE.

Dataset EDA PPG EDA+PPG
Best Model F1 Best Model F1 Best Model F1
WESAD RF 0.987 RF 0.794 LDA 0.987
NURSE CLSP Zero Shot  0.4383 CLSP Zero Shot 0.667 CLSP Zero Shot 0.52
EMOGNITION RF 0.572| CLSP+CNN (50%) 0.601 RF 0.513
UBFC_PHYS CLSP Zero Shot  0.70% LDA 0.551 LDA 0.622
PhyMER CLSP+CNN (50%) 0.723 RF 0.3 RF 0.342
EmoWear CLSP+CNN (50%) 0.293 HC+MLP 0.27 HC+MLP 0.282
MAUS HC+MLP 0.7 RF 0.705 RF 0.728
CLAS RF 0.43 HC+MLP 0.408 RF 0.459
CASE RF 0.476 RF 0.397 RF 0.498
Unobtrusive RF 0.402| CLSP Zero Shot  0.409 HC+MLP 0.393
CEAP-360VR CLSP+MLP (25%) 0.285 RF 0.307 RF 0.314
ScientISST MOVE| CLSP+MLP (25%) 0.701 CLSP+CNN (50%) 0.74| CLSP+CNN (50%) 0.8
Dapper RF 0.434 RF 0.426 RF 0.555
ForDigitStress LDA 0.682 RF 0.821 RF 0.826
ADARP CLSP Zero Shot  0.269 CLSP Zero Shot 0.433 CLSP Zero Shot 0.354
Exercise CLSP+CNN (25%) 0.552 HC+MLP 0.438 RF 0.48
MOCAS RF 0.412 RF 0.357 RF 0.366
LAUREATE CLSP+MLP (5%) 0.527 RF 0.46 RF 0.461
VERBIO CLSP Zero Shot 0.48 CLSP Zero Shot 0.582 CLSP Zero Shot 0.436

Table 3.6: Best-performing model and corresponding F1 score for four class classi cation
across all datasets and modalities (EDA, PPG, EDA+PPG). The table lists, for each dataset

and modality, the model that achieved the highest F1 score.
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Dataset

Data Collection Context Observed Performance and In-
terpretation

ForDigitStress

WESAD

MOCAS

ScientISST
MOVE

Unobtrusive

Dapper

MAUS

Laboratory-based, semi-Among the strongest performers
controlled digital interview for arousal and consistently high
tasks with expert annota-for valence, likely due to realis-
tions. tic stress elicitation in constraint
setting, combined with precise
expert labeling.
Controlled laboratory study High performance for both
incorporating multiple elic- arousal and valence, particularly
itation modalities (videos, when combining EDA and PPG,
stress induction, meditation). re ecting a well-thought-out ex-
periment design and high signal
quality.
Surveillance-style monitor- Strong valence classi cation
ing task with self-reported but weaker arousal performance,
SAM ratings. possibly due to relatively mild
or less immersive emotional
stimuli, which doesn't impact
arousal.
Physically engaging activi- Very strong arousal classi ca-
ties (e.g., handshake, jumpition driven by physical acti-
ing) with self-reported emo- vation, with reasonably good
tion labels. valence performance despite
motion-related signal noise, sug-
gesting advantages of a con-
trolled setting.
Of ce-like cognitive tasks High performance in arousal
conducted in both lab and classi cation, driven by realistic
naturalistic settings with work scenarios; valence classi-
Likert-scale emotion reports. cation was moderate, possibly
due to the complexity of labeling
subtle emotional changes.
Real-world experience sam-Strong valence classi cation, as
pling study using custom ESM possibly allowed timely
wearable sensors. and accurate self-reporting of
naturally occurring emotions.
Controlled cognitive work- Strong arousal classi cation, as
load paradigm (N-Back task reliably induced measurable
task). physiological changes linked to
cognitive load.

Table 3.7: Qualitative overview of high-performing datasets from our individual bench-
marking, illustrating how elicitation context, annotation approach, and task design shape

performance. See Table 3.8 for stats.  3g



71 of the 114 top-performing model instances for binary classi cation. Among classical
machine learning techniques, RF and LDA followed, with 17 and 8 top-performing entries,
respectively. Within the deep learning category, the handcrafted feature-based MLP achieved
11 top results, while signal-based deep models accounted for 3, and handcrafted features
combined with attention mechanisms contributed 2 best-performing instances. Within the
CLSP model family, we observed that ne-tuning played a crucial role in achieving strong
cross-dataset performance. In 29 out of 73 top-performing instances, models required
ne-tuning on up to 50% of the target dataset, indicating that while CLSP models offer
transferability, moderate domain adaptation is often necessary. Notably, 21 instances
achieved competitive results with only 5% of the data used for ne-tuning, suggesting that
CLSP models can exhibit effective few-shot generalization. A smaller subset (9 instances)
performed best with 25% ne-tuning, reinforcing the spectrum of adaptation needs across
datasets. Among CLSP variants, CLSP+CNN demonstrated the highest overall performance,
contributing to 37 top-performing cases, followed by CLSP+MLP with 22. Zero-shot
variants of CLSP, which require no ne-tuning, were top performers in 14 cases, highlighting
the generalizability of the CLSP baseline. Collectively, these ndings suggest that while
zero-shot CLSP offers a useful starting point, performance can be signi cantly improved
through lightweight dataset-speci ¢ ne-tuning, particularly with a CNN metanet that better
captures transferable patterns in physiological signals. Detailed comparison of all modeling
paradigms and their performances across our datasuite for both recognition tasks and all
three modality variations are shown in Figures A.3, A.4, A5, A.6, A.7, and A.8. For
four-class classi cation, machine learning models (RF and LDA) dominate with 54% of
best-performing cases. CLSP-based models appear in 35% of instances, while deep learning
models (HC+MLP) account for only 11% of the best-performing outcomes (see Table 3.6).
Dataset Speci ¢ Performance Variations: Model performance for binary classi cation
exhibited signi cant variability across datasets, ranging from a minimum F1 score of 0.30

(e.g., in CASE and ADARP) to a maximum of 0.98 (WESAD), as detailed in Table 3.8. Our

39



Arousal Valence

Statistic EDA PPG EDA+PPG EDA PPG EDA+PPG

MIN 0.33 0.30 0.36 0.30 0.33 0.34

MAX 0.94 0.99 0.99 0.89 0.92 0.98
Arousal Valence

Rank EDA PPG EDA+PPG EDA PPG EDA+PPG

1 ForDigitStress ForDigitStress ForDigitStress MOCAS ForDigitStress WESAD

2 Unobtrusive Unobtrusive WESAD Dapper MOCAS Dapper

3 ADARP MAUS ScientISST MOVE ForDigitStress Dapper ForDigitStress

4 MAUS ADARP Unobtrusive WESAD WESAD MOCAS

5 VERBIO WESAD LAUREATE ScientISST MOVE  ScientISST MOVE ScientISST MOVE

6 WESAD LAUREATE MAUS EmoWear EmoWear EmoWear

7 Dapper ScientISST MOVE Dapper UBHEHYS Exercise UBF(PHYS

8 ScientISST MOVE VERBIO VERBIO Exercise Unobtrusive Exercise

9 CLAS Dapper CLAS PhyMER PhyMER Unobtrusive

10 EMOGNITION CLAS EmoWear Unobtrusive UBFEBHYS PhyMER

11 MOCAS EmoWear MOCAS CLAS CEAP-360VR CLAS

12 EmoWear MOCAS ADARP CEAP-360VR CLAS MAUS

13 Exercise EMOGNITION NURSE NURSE MAUS CEAP-360VR

14 NURSE Exercise EMOGNITION MAUS EMOGNITION CASE

15 CEAP-360VR NURSE Exercise CASE CASE ADARP

16 PhyMER CEAP-360VR CEAP-360VR EMOGNITION LAUREATE EMOGNITION

17 CASE PhyMER PhyMER VERBIO ADARP NURSE

18 UBFCPHYS UBFCPHYS UBFCPHYS LAUREATE VERBIO LAUREATE

19 LAUREATE CASE CASE ADARP NURSE VERBIO

Table 3.8: F1 score statistics (MIN, MAX, AVG, STD) and rankings of our 19 datasets
according to their performance for arousal and valence prediction using EDA, PPG, and
their combination (EDA+PPG).

gualitative analysis of dataset collection methodologies, as discussed in Tables 3.7, 3.10,
and 3.9, revealed that high-performing datasets generally shared key characteristics: well-
balanced experimental setups, ecologically valid elicitation protocols, and robust labeling
techniques that accounted for participants' labeling subjectivity [1]. In contrast, suboptimal
performance was often linked to weak elicitation strategies, misaligned labels, the absence
of stimuli covering the full emotional spectrum, and the presence of signal artifacts (see
Figures A.9, A.10, and A.11). Overall, models utilizing EDA consistently outperformed
those trained on PPG only or EDA+PPG data, as shown in Figure A.1. EDA-based models
achieved top performance on 12 of 19 datasets for arousal classi cation and 13 of 19 datasets
for valence classi cation, highlighting the robustness of EDA signals in emotion recognition
tasks. Notably, EDA+PPG also showed strong performance, particularly in real-life and con-
strained task settings, where multimodal input helped mitigate signal noise. While models
based solely on PPG performed comparably in some cases, they generally yielded lower per-

formance than EDA-based approaches, suggesting that PPG may be less sensitive to subtle
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emotional variations. Overall, our results highlight the critical importance of thoughtfully
designing data collection protocols to effectively capture meaningful emotional variations
and of aligning labeling strategies that accurately re ect these underlying physiological

changes across settings to overcome the impact of heterogeneity across datasets.

Dataset Data Collection Context Observed Performance and In-

terpretation

CLAS Laboratory tasks including Near-random classi cation per-
logic problems, mathematics,formance, likely due to weak
and videos. elicitation intensity and inconsis-

tent labeling.

CASE Video-based lab stimuli Poor performance across both di-
with continuous joystick mensions, possibly because of
self-report annotation. imposed cognitive load on par-

ticipants due to continuous self-
reporting.

LAUREATE Real-world classroom Stronger arousal detection using
recordings with engagement-EDA/PPG signals, but weak va-
focused self-reports. lence classi cation due to ab-

stract or indirect labeling.

ADARP Real-life setting involving Reasonable arousal classi ca-

participants with alcohol-use tion for individual modalities but

disorder using self-reports. poor valence performance, likely
re ecting skewed emotional la-
bels and participants' selection
bias.

Table 3.9: Qualitative overview of datasets showing lower or inconsistent performance in
individual benchmarking. See Table 3.8 for performance statistics.

The four-class classi cation results varied considerably across datasets, with F1 scores
ranging from 0.987 (WESAD) to 0.269 (ADARP). Among the lowest-performing datasets
were EmoWear and CLAS, which, despite being lab-based, relied solely on video stimuli,
suggesting that limited or low-arousal stimuli can constrain physiological differentiation.
ADARP, collected in real-life daily settings, exhibited low performance primarily due to
an imbalance in sample sizes across four classes (as shown in Table 3.3). Meanwhile,

CEAP-360VR, CASE, and MOCAS, which combined lab and semi-realistic stimuli, also led
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to overall poorer performance than other datasets. These patterns suggest that dataset quality,
stimulus richness, and ecological validity collectively in uence classi cation outcomes,
beyond simple distinctions between laboratory and real-world environments. Overall, for
four-class classi cation, this suggests that modality combination did not yield a consistent
strong advantage across the 15 datasets, while EDA+PPG and EDA-only models generally
achieved relatively high performance, PPG alone performed comparably in many cases (see

Figure A.2).

3.3.2 Performance#écrossHarmonizingDimensions

Experiment Setting: Our experiments provide important insights into how training envi-
ronments shape cross-domain generalization in physiological emotion recognition. Models
trained on real-world datasets demonstrated strong transferability to both laboratory and
constraint-based settings, achieving F1 scores up to 0.79 (CLSP-MLP at 5%) and 0.78 (RF),
respectively. However, their performance within the same real-world domain remained
relatively low (maximum F1 0.49), suggesting substantial heterogeneity within datasets
collected in naturalistic settings. Models trained on constraint-based datasets showed particu-
larly strong transfer to real-world data, achieving the highest overall performance (F1 = 0.88
with RF), while demonstrating only moderate success within their own domain and in labo-
ratory settings, especially for arousal prediction. This pattern indicates that semi-structured
elicitation protocols may provide a useful intermediate balance between ecological validity
and experimental control, producing data that generalize well without being overly con-
strained. Similarly, laboratory-trained models transferred reasonably well to both real-world
and constraint-based datasets (maximum F1 0.76) but underperformed within their own
datasets (F1 0.5), potentially re ecting cohort-speci c differences. Detailed results are
added in Table A.5, A.6, and gure A.14. Building on these observations, the overall results
suggest that the experimental setting plays a signi cant role in determining the generaliz-

ability of physiological emotion recognition models. Constraint-based datasets appear to
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Dataset

Data Collection Context Observed Performance and In-
terpretation

NURSE

Emowear

UBFC_PHYS

VERBIO

EMOGNITION

CEAP-360VR

Exercise

PhyMER

Real-world recordings from Low performance for both
nurses with stress-focusedarousal and valence, likely
self-reports. driven by class imbalance
and limited representation of
positive emotional states.
Laboratory audiovisual stim- Generally weak performance,
uli with participant self- possibly due to mild elicitation
report annotations. intensity and controlled lab con-
ditions limiting ecological valid-
ity.
Speech and arithmetic stressSlightly better valence than
tasks labeled primarily using arousal, but overall constrained
stimulus-based annotations. by limited correspondence be-
tween stimulus labels and expe-
rienced emotions.
Public speaking tasks con-Arousal classication moder-
ducted in both VR and real- ately strong; valence weaker due

world environments. to relatively narrow emotional
variability.

Short Im clips presented in Overall low performance, likely

laboratory settings. re ecting the poor emotion elic-
itation potential of short Im
clips.

Immersive VR video stimuli Slightly improved valence
with self-reported emotion la- classi cation but overall lim-

bels. ited performance, suggesting
insuf cient emotional elicitation
strength.

Laboratory cognitive and Valence captured somewhat bet-

physical stress tasks. ter than arousal, potentially re-

ecting the lack of alignment be-
tween physiological changes and
labels.
Lab-based video stimuli ac-Marginally stronger valence
companied by self-reports. performance, but overall con-
strained by relatively weak
emotional elicitation.

Table 3.10: Qualitative overview of datasets showing lower or inconsistent performance in
individual benchmarking. See Table 3.8 for performance statistics.
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offer the most consistent cross-domain performance, likely because they balance ecological
realism with structured elicitation and reliable annotation. Real-world datasets, while highly
valuable for capturing natural emotional variability, introduce substantial heterogeneity that
can reduce intra-domain consistency. Laboratory datasets, despite high signal quality and
controlled conditions, may inadvertently encode context- or cohort-speci ¢ biases that limit
broader applicability.

Device: Our analysis also revealed substantial variability in cross-cohort transferability
across sensing devices. Models trained on wearable data collected using the Empatica E4
generalized well to the custom wearable cohort (best F1 = 0.82 with CLSP-MLP at 50%),
but transferred poorly to laboratory-based datasets (minimum F1 0.45), suggesting limited
alignment between wearable and lab-grade sensing conditions. In contrast, models trained
on lab-based devices demonstrated strong and more consistent generalization to both custom
wearable data (best F1 = 0.81 with LDA) and E4 data (best F1 = 0.73 with CLSP-CNN at
50%), indicating that high-quality lab recordings may provide robust feature representations
that transfer across hardware types. Models trained on custom wearable datasets showed
generally weaker transferability overall, although slightly better performance was observed
for arousal detection, particularly when evaluated on lab-based datasets (best F1 = 0.64).
Notably, zero-shot CLSP models using EDA signhals showed promising device-agnostic
behavior, achieving F1 scores up to 0.83 on the custom wearable cohort while maintaining
moderate generalization across other datasets. Detailed results are presented in Tables A.7,
A.8, and Figure A.13.

Labeling: Labeling strategy emerged as a critical factor shaping model generalization
across datasets. Models trained on expert-annotated data demonstrated relatively strong
transferability to both stimulus-labeled datasets (best F1 = 0.72) and self-reported datasets
(best F1 = 0.76), suggesting that expert-generated labels provide stable and temporally
consistent references for learning physiological emotion patterns. Interestingly, models

trained on stimulus-derived labels also generalized well to expert-annotated datasets (best
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F1 = 0.87 with LDA), indicating some alignment between controlled elicitation protocols
and expert interpretation. However, stimulus-labeled models showed weaker transfer to self-
reported datasets (best F1 = 0.63), likely re ecting the limited ability of externally induced
stimuli to fully capture individuals' subjective emotional experiences. Similarly, models
trained on self-reported labels exhibited inconsistent transferability; they performed strongly
when tested on expert-labeled data (best F1 = 0.87 with CLSP CNN at 5% and RF) but
struggled with stimulus-labeled datasets (F1 = 0.62%), highlighting the variability inherent

in subjective emotion reporting. Notably, zero-shot CLSP models trained with EDA achieved
the highest overall performance (F1 = 0.91) on expert-labeled data, further underscoring
the value of high-quality annotations combined with robust pretraining. Taken together,
these ndings suggest that expert and stimulus-based labels tend to offer greater consistency
because they re ect a more external or standardized perspective on emotion, whereas self-
reported labels capture subjective emotional experience but introduce greater variability.
The results point toward the potential value of hybrid labeling approaches that integrate
subjective self-reports with expert interpretation and contextual information to balance
ecological validity with consistency, ultimately supporting more reliable physiological
emotion recognition systems.

Age and Gender: For arousal classi cation, results indicate only moderate general-
ization both within and across gender groups (F1 0.50-0.56). In zero-shot CLSP transfer
settings, EDA consistently outperformed both PPG alone and the combined EDA+PPG
modality, often by a noticeable margin, suggesting that electrodermal activity may capture
arousal-related physiological dynamics more robustly across demographic variability. In
contrast, valence classi cation shows a different trend. Cross-gender transfer achieved
substantially higher performance (F1 0.69-0.71 with ne-tuned CLSP models) than within-
gender evaluations, where performance dropped to approximately 0.47—0.55. A similar
pattern emerged in age-based transfer experiments: cross-age generalization for valence

(F1 0.67-0.73) exceeded within-age-group performance, indicating stronger transferability
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across demographic cohorts than within them. Overall, these cross-demographic nd-
ings suggest that physiological markers of emotional valence may re ect broadly shared
emotional processes that generalize relatively well across gender and age groups. In con-
trast, arousal-related physiological responses appear more individualized and sensitive to
participant-speci c factors. Consequently, while valence recognition models may bene t
from demographic diversity during training, arousal modeling may require more personal-
ized or context-aware approaches. Detailed gender-based results are reported in Tables A.11

and A.12, and age-based analyses are presented in Tables A.13 and A.14.

3.3.3 MetaAnalysisObservations

Artifact analysis was conducted prior to the pre-processing or standardization step. The
results are presented in Table 3.3, where artifact presence is reported as the mean artifact
percentage + standard deviation across participants. Our artifact detection results showed
that datasets collected in real-life settings (such as Nurse, ADARP, and Laurate) or using
physical stressors as emotion-elicitation tasks (such as Exercise and ScieNM{38)

tend to exhibit more EDA and PPG motion artifacts. We further observed that datasets such
as WESAD and CLAS have balanced class distributions across arousal and valence, whereas
datasets such as ForDigitStress, Nurse, ADARP, and VERBIO exhibit high imbalance,
skewing toward negative samples. Moreover, we identi ed that data collected “in the wild”
settings generally featured more negative-valence instances, while video-based elicitation

datasets have a higher proportion of high-arousal samples.

3.4 Discussion

Overall, the benchmarking results reveal several methodologically important ndings for
physiological signal-based emotion recognition. Below, we will discuss these ndings in
detail:

1) Limitations of Isolated Data Benchmarks: We observe performance saturation in
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several controlled laboratory datasets, where relatively simple models achieve F1 scores
above 0.95 in binary emotion classi cation tasks. This pattern is not consistent across
datasets and depends on the interaction between dataset design, elicitation protocol, and
physiological modality (e.g., EDA, PPG). Datasets such as WESAD and ForDigitStress,
with well-de ned, structured elicitation protocols, yield physiological responses that are
more separable in feature space, enabling simple models to achieve high performance.
Under these conditions, high F1 scores appear to depend more on the extent to which the
experimental design increases signal separability than on model robustness alone. At the
same time, performance differences across datasets indicated a more complex relationship
between model behavior and dataset characteristics. Some datasets yield near-ceiling
performance, while others produce substantially lower results despite using the same models
and feature representations. This variation suggests that performance depends strongly
on dataset-speci c factors, including elicitation strength, alignment between physiological
responses and emotion labels, and the suitability of the modality for capturing the target
states. In weakly elicited datasets such as EMOGNITION, UBFC-Phys, PhyMER, and
CASE, physiological changes are often subtle or inconsistent. Passive stimuli or low-
intensity tasks, such as mental arithmetic, may not elicit suf ciently distinct emotional
states, leading to weaker physiological differentiation and lower correspondence between
labels and biosignals. In these cases, reduced model performance may re ect limited
discriminative structure in the data rather than limitations of the models themselves. We
also observe that real-world datasets with speci ¢ participant populations, such as NURSE
and ADARP, generally yield lower performance than datasets collected from healthier, more
heterogeneous cohorts in everyday settings, such as DAPPER and Unobtrusive. In these
datasets, participant conditions and recording contexts are often dominated by a limited set
of emotion states, such as prolonged stress or alcohol-related impairment, which can reduce
class balance and limit variability across emotional categories. This creates dif culties

for binary or multi-class classi cation, particularly when discrete labels do not adequately
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re ect gradual or overlapping emotional states. Under these conditions, continuous or
ordinal formulations may better capture the underlying structure of the data than discrete
categorical representations. Across datasets, modality choice also interacts with elicitation
protocol and labeling strategy in non-trivial ways. Certain elicitation procedures produce
clearer responses in speci ¢ modalities, while others fail to generate stable physiological
patterns regardless of sensor type. This further indicates that benchmark performance cannot
be attributed solely to model architecture, and that better evaluation metrics are needed for
comparing emotion recognition models.

Overall, these ndings suggest that performance emerges from the interaction between
dataset construction, elicitation protocol, sensing modality, and model complexity. High
performance score is typically observed when these components are aligned and when
physiological responses exhibit strong separability. Lower performance also re ects weak
alignment between experimental design and physiological expression, or limited signal
structure, rather than inherent model limitations. This changes the interpretation of high
benchmark scores, which may primarily re ect favorable experimental conditions and strong
signal separability rather than robust emotion recognition under naturalistic conditions.
These observations have implications for future evaluation protocols. Rather than focusing
primarily on separability within a small number of datasets, future work should evaluate
robustness under varying conditions, including lower signal quality, increased noise, and
ecologically valid recording settings. Evaluation protocols should span multiple elicitation
intensities, participant populations, and acquisition environments within a uni ed frame-
work. Evaluations should also include performance evaluations under both strong and
weak induction conditions to capture variability in physiological expression. Cross-dataset
validation should be treated as a core requirement for assessing generalisability across
experimental contexts. Together, these changes would support more realistic evaluation
criteria and improve the extent to which benchmark performance re ects model capability

in real-world emotion recognition settings.
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2) Label construction and semantic instability: Our results further indicate that emo-
tion label semantics are not xed and can vary substantially across experimental protocols
and participant interpretations. In our benchmarking experiments, performance differences
between arousal and valence prediction were highly dataset-dependent, with certain datasets
yielding strong results on one dimension while performing poorly on the other. In cross-
dataset evaluations, we also observe limited generalization between datasets with labels
derived from self-reports and those derived from stimulus-based annotation schemes. Qual-
itative analysis suggests that these discrepancies are strongly in uenced by the labeling
strategy. In self-report—based datasets (see Table A.1), labels re ect subjective interpretation,
individual reporting strategies, and contextual framing effects rather than a consistent or
shared mapping to an underlying emotion taxonomy. Participants may report recalled or
inferred emotional states rather than directly mapping experience onto prede ned theoretical
dimensions [71]. Consequently, similar physiological patterns can be assigned different
labels depending on the annotation protocol, introducing inconsistency that directly impacts
model training and evaluation. In contrast, stimulus-derived labels tend to be more consistent
across participants due to their standardized elicitation structure; however, they may not
accurately re ect internally experienced emotional states, limiting their ecological validity.
Finally, expert annotations depend on skill and knowledge and are infeasible in real-world
settings. We also observed that mapping composite questionnaire scores to a dimensional
affect model, as in the Laureate dataset, can introduce label ambiguity and reduce align-
ment with physiological signals. In this case, self-reported measures of enthusiasm, stress,
tiredness, happiness, and calmness were aggregated into arousal and valence scores, which
were then used to assign labels to physiological segments. However, collapsing multiple
affective constructs into composite dimensions can weaken the correspondence between
labels and biosignals, potentially reducing model performance. This suggests that future
datasets should use consistent labeling schemes and measurement scales, as heterogeneous

or non-standard scaling can hinder cross-dataset comparability and reliable benchmarking,
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and overall highlights the need for annotation frameworks that improve cross-study label
consistency, explicitly model ambiguity in self-reported emotions, and better account for
variability in how participants interpret, construct, and express emotional experience. More-
over, future work can also explore signal-speci ¢ attributes as pseudo-labels for pre-training
to mitigate issues arising from labeling bias.

3) Modality effects and representation learning limitations: We observe that model
performance is strongly conditioned by both signal modality and learning strategy, with
consistent patterns across datasets. In most settings, models based on EDA data achieve the
strongest performance, indicating that EDA provides comparatively robust and discrimina-
tive information for emotion recognition under both controlled and real-world conditions.

In contrast, PPG-only models tend to be less stable, with more variable performance across
datasets. Multimodal fusion using EDA+PPG yields mixed outcomes: it improves perfor-
mance in some datasets, particularly in noisy real-world scenarios, but provides limited or no
bene tin others. This suggests that naive fusion strategies do not reliably translate into im-
proved generalization and that the utility of multimodal signals is highly dataset-dependent.
A second consistent nding is the advantage of pretrained representations, particularly
CLSP-based models, especially under ne-tuning. Across datasets and evaluation regimes,
pretrained models frequently outperform training-from-scratch baselines. This pattern in-
dicates that physiological representation learning bene ts substantially from large-scale
pretraining and cross-dataset transfer, rather than relying exclusively on dataset-speci ¢
optimization. It also underscores the potential value of leveraging natural-language super-
vision signals for learning more transferable emotion representations. Collectively, these
results highlight that both modality selection and training strategy are critical determinants
of performance, alongside dataset design. They further suggest that progress in physiologi-
cal emotion recognition is likely to depend less on isolated dataset-speci ¢ modeling and
more on learning uni ed, generalizable representations through large-scale pretraining and

principled multimodal integration across heterogeneous datasets and real-world conditions.
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4) Shared Data Collection and Labeling Protocols for Transferable Emotion Models:
Finally, our cross-dataset results further indicate that progress in physiological emotion
recognition depends not only on model design, but also on improving standardization in
dataset construction. In particular, aligning sensing con gurations, modality sets, and
annotation schemes across studies would enable more consistent representation spaces and
improve the ability of models trained on one dataset to generalize to others. The substantial
variability observed across existing datasets suggests that differences in acquisition hardware,
elicitation protocols, and labeling strategies remain key barriers to scalable pretraining
and robust cross-domain transfer. We also observe that datasets collected under semi-
structured or constraint-based settings tend to exhibit stronger transferability across domains,
suggesting that hybrid designs combining controlled elicitation with elements of ecological
variability may provide a more effective balance between experimental control and real-
world realism. Overall, these ndings support a shift away from isolated laboratory-speci ¢
dataset construction toward more harmonized data collection frameworks to facilitate the

development of higher-quality physiological datasets.

3.5 Limitations and Social Impact

This work benchmarks a representative set of modeling paradigms to establish a broad base-
line, primarily using traditional, general-purpose architectures. However, more advanced
or domain-speci ¢ models tailored to physiological signals were not included and remain
an important direction for future benchmarking. Additionally, our current harmonization
strategy is limited by the lack of a common labeling technique. Moreover, our analysis does
not account for key sources of heterogeneity, including cultural context and health status;
we plan to incorporate them in the future. By systematically studying these limitations, we
hope to contribute to the development of responsible, generalizable, and impactful emotion
recognition technologies for applications in HCI, affective computing, and mental health

support.
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3.6 Summary

Building on the observations from this large-scale benchmarking study, the results point to a
clear need for more intentional dataset design practices that explicitly address ecological
validity, annotation reliability, sensing heterogeneity, and participant diversity, rather than
treating these factors as secondary concerns. The ndings further emphasize the impor-
tance of strengthening labeling methodologies in future work, along with developing more
rigorous and transparent evaluation protocols. Collectively, this motivates the need for
standardized experimental procedures, sensor con gurations, preprocessing pipelines, and
annotation strategies to enable more meaningful and comparable benchmarking. Without
such harmonization, the proliferation of small, heterogeneous datasets risks fragmenting
the eld and limiting cumulative scienti c progress, despite increasing data availability.
The results also reinforce the importance of participant-centered data collection approaches.
Emotional experience is inherently subjective and context-dependent, and models trained
exclusively on controlled environments or externally imposed labels risk overlooking im-
portant nuances of lived emotional states. More broadly, these ndings support a shift
from isolated, dataset-driven modeling toward integrated data ecosystems supported by
standardized evaluation frameworks. Such a shift would improve reproducibility, facilitate
more effective use of existing resources, and support the development of models that are
not only have high benchmarking performances but also meaningful for applications in
emotional well-being, human—computer interaction, and mental health support.

Motivated by these insights, Chapter 4 introduces the development of the EEVR dataset
and CLSP-based modeling framework, designed to explicitly account for label variability in
semi-realistic laboratory data collection. Chapter 5 then examines participant perspectives
on emotion data collection and existing annotation practices, with a focus on participant-
centered approaches to dataset design that can improve both model performance and cross-

domain generalization. Finally, Chapter 6 builds on these ndings to explore the development
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of more participant-aware and usability-oriented tools for emotion data collection in real-

world settings.
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Chapter 4

Emotions in Context: Turning Data into Insights

Current approaches to collecting physiological emotion data largely depend on self-reported
annotations derived from standardized emotion questionnaires, theory-driven scales, or
stimulus-based labeling conventions (e.g., assuming relaxation when a calming video
is presented). Commonly used instruments include objective scales such as the Visual
Analogue Scale (VAS), Positive and Negative Affect Schedule (PANAS), Self-Assessment
Manikin (SAM), Likert-type emotion ratings, and standardized psychological inventories
such as the State—Trait Anxiety Inventory (STAI). While these tools provide structured and
comparable measurements, they do not always capture the complexity of lived emotional
experience. Stimulus-based labeling, in particular, assumes that exposure to a specic
stimulus reliably induces a corresponding emotional state, which may not re ect participants'
actual subjective experiences. Taken together, reliance solely on self-reports based on
standardized scales or stimulus labels can overlook subtle emotional nuances, mixed or
rapidly changing emotional states, and even periods where no clear emotion is experienced.
Such approaches are also susceptible to reporting biases, interpretation differences, and
human error as discussed in Chapter 4. As a result, these conventional methods may limit
the accuracy and ecological validity of physiological emotion datasets.

To address these limitations, in this chapter, we introduce EEVR, a physiological signal-
based emotion dataset collected in laboratory settings using 360° VR audiovisual stimuli.
EEVR includes data from the two most commonly available physiological sensors in com-
mercial wearable devices, Photoplethysmography (PPG) and Electrodermal Activity (EDA),
which have been widely collected in previous datasets. Emotional annotations were obtained
through subjective evaluations using the PANAS and SAM emotion scales, along with

self-reported raw textual descriptions of emotions felt by subjects during stimulus exposure.
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These descriptions were gathered through semi-structured qualitative interviews, providing
a more contextualized understanding of emotions and allowing participants to elaborate
on their emotional experiences in detail. EEVR is the rst dataset to collect raw textual
data for broader supervision, capturing the presence or absence of emotions experienced
during the stimulus. This approach to collecting subjective textual responses to emotions
has not been explored before. EEVR includes data from 37 participants who experienced
emotions across all four quadrants of Russell's circumplex model. Additionally, it contains
personality scores for each subject, collected using the Big Five Inventory 10 Item Scale
(BFI-10) ([146]), and the psychological well-being details of each subject using the General
Health Questionnaire-12 (GHQ-12) ([147]). In Table 4.1 we have compared our dataset with
previous datasets that have collected physiological signals for emotion recognition. Further
details and access to the dataset are available at https://melangelabiiitd.github.io/EEVR/.

Through this work, we make the following contributions:

» A novel multimodal physiological signal dataset collected in an immersive lab setting
with aligned raw textual descriptions of emotions felt and self-reported valence and

arousal scores.

» Areadily replicable experimental procedure for capturing physiological response and

textual descriptions within lab settings.

» We provide guidance on utilizing the dataset, along with open-source access to baseline
models and the Contrastive Language-Signal Pre-training (CLSP) models, which
leverage text supervision to learn more contextualized representations of emotions by

combining physiological signals with text data.

4.1 Motivation for Paired Textual Descriptions

Supervision through language or text has become a focal point in computer vision after the

introduction of CLIP ([148]). The emergence of large language models has also spurred
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Dataset #Subjects  Stimuli Data Modalities Annotations
ECG, GSR/EDA, RESP,

MANHOB HCI 27 Audiovisual TEMP, EYE GAZING., Emotions, Aro_usal,
EEG, Facial Expressions Valence, Dominance.
and Audio.

EEG, ECG, PPG, Arousal, Valence,

DEAP 32 Music Video clip GSR/EDA, EMG (Trapezius, Liking, Dominance
Zygomaticus Muscle). and Familiarity.
ECG, EDA, EMG, BVP, Stressor-based

WESAD 15 TSST, Audiovisual Resplrathn, Temperature, PANAS, STAI, SAM.
Acceleration.

CLAS 62 Cognitive load, ECG, PPG, EDA, Acceleration. SAM.

Audiovisual
Qf ce wqu with ECG, EDA, F'ace and NASA task load.

SWELL-KW 25 interruptions and upper body video,

. . SAM, Stress.
time pressure Posture, Computer logging.

PPG, EDA, BVP,

Temperature, Acceleration Arousal, Valence,

EMOGNITION 43 Audiovisual P ’ ' Avoidance Approach
cardiac output measurement, L .

. . Motivation, Emotions.
Facial Expression.
PANAS, SAM,

AMIGOS 40 Audiovisual EEG, ECG, EDA/GSR. Liking, Familiarity,

Personality, Emotions.
L GSR, Frontal EEG, SAM, Familiarity,

ASCERTAIN 58 Audiovisual ECG, Facial Landmarks. Personality, Emotions.

DREAMER 23 Audiovisual EEG, ECG. SAM.

10 Minute long PPG, EDA, BVP, Arousal. Valence

KEMOCON 32 paired debate Temperature, Acceleration, L ’

. Emotional Labels.
on social issues. EEG, ECG.

BIRAFFE2 103 Music, Images, GamesECG‘ EDA’ Gamepad SAM, Persor_lallty,
Acceleration, Gyroscope. Game experience.

CASE 30 Audiovisual ECG’. BYP’ EMG, EDA/GSR, SAM.

Respiration, Temperature.
Cognitive load ECG, EDA,
StressID 65 Audio-Visual Respiration, Speech, SAM, Stress.
Public Speaking face video.
VREED 34 360 degree VR ECG, EDA, Eye Tracking. SAM, Emotions.
Emotions, Arousal,
Valence, Dominance
EEVR (Ours) 37 360 degree VR PPG, EDA. Familiarity, Liking,

Personality, GHQ-12,
Textual Description.

Table 4.1: EEVR in comparison with other related datasets

56



an increase in research exploring language-guided supervision. This trend extends beyond
vision and language, with modalities like audio ([149]) and video ([150]]) leveraging
language supervision for pre-training to enhance generalization and usability. Concurrently,
text-based pre-training methods have revolutionized the NLP domain in recent years. Despite
the prominence of such approaches in various elds, there remains a notable gap in utilizing
language-guided supervision for emotional recognition through physiological signals. While
previous research has looked into leveraging text data (such as social media posts, text
messages, and suicide notes) for emotion recognition ([151]), none of these efforts involved
recording self-reported emotional descriptions from subjects alongside the collection of
physiological signal data. Therefore, the EEVR dataset is an initiative in this regard,

prompting new avenues for collecting emotional data based on physiological signals.

4.2 EEVR Dataset

4.2.1 ExperimentaProtocol

Our experiment protocol to collect the EEVR dataset is illustrated in Figure 5.1. The
experiment was conducted using VR 36fudiovisual stimuli. The stimuli consist of
N=8 short videos (two videos from each quadrant of the Russell circumplex model ([72]))

covering all emotions. Next, we explain the data collection procedure as follows:

Figure 4.1: lllustration of our Experiment protocol for data collection.

1. Pre-Study Survey: The data collection is initiated by collecting participants' con-

sent. Then, we collected participants' background details (gender, age, educational
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background, and prior VR exposure), personality scores using BFI-10 question-
naires, and information on prior psychological well-being using GHQ-12, a popular
screening questionnaire designed to identify common psychiatric conditions within
non-psychiatric clinical and research settings. We have used over the past week
version of the GHQ-12 questionnaire to collect participants’ psychological well-being
before participating in our study. GHQ-12 helps mitigate the bias that might be intro-
duced if the participant experienced some psychological lows or highs prior to data
collection. The GHQ-12 and personality scores were added as additional contextual

details alongside other participant characteristics in our dataset.

. Pre-VR exposure: Following the pre-study survey, participants were introduced to
the experiment protocol and sensor setup along with instructions for data collection
and the study's possible risks or discomfort (more details in section 4.1 of supplemen-
tary). Following instructions, participants pre-exposure ratings were gathered. This
included PANAS, SAM, and Virtual Reality Sickness Questionnaire (VRSQ) ([152])
scales to collect participants' baseline emotions and pre-VR sickness and fatigue
symptoms, if any. The PANAS scale was used to collect positive and negative affect
readings on a 5-point scale with ten positive (Interested, Strong, Enthusiastic, Proud,
Inspired, Determined, Alert, Attentive, Active) and ten negative (Distressed, Irritable,
Guilty, Scared, Upset, Hostile, Jittery, Ashamed, Nervous, Afraid) emotions. The
SAM scale was used to collect scores for emotions' valence, arousal, and dominance
dimensions. Following baseline ratings, PPG and EDA sensors were attached to the
participant's non-dominant hand ngers. Subsequently, participants were asked to
relax for 3 minutes of baseline data collection. More details on scales are provided

in supplementary section 4.4.

. VR Familiarity: Following baseline, participants were familiarized with the VR

environment to mitigate any bias that may arise due to VR familiarity by making
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them initially sit in a VR waiting room to acclimate to the technology, exploring the
surroundings by looking around for approx 4 minutes. Following this, participants
transitioned to familiarizing themselves with the VR controller by engaging in a
simple game where they used the VR controller to pick up and throw a ball into a box
within the VR room. More details on the VR module are provided in supplementary

section 4.3.

. VR Stimulus Exposure: Participants were instructed to choose the assigned playlist
after the VR familiarity task. Each playlist contained eight videos retrieved from a
public database of annotated 360° Videos ([153]). These videos were selected to elicit
emotions from all four emotional quadrants of the Russell circumplex model ([72]).
The circumplex model organizes emotions based on two dimensions: valence and
arousal. Thus, videos from four categories were shown to participants: High Valence-
High Arousal (HVHA): elicits high energy positive emotions (such as excitement,
Joy) High Valence-Low Arousal (HVLA): elicits low energy positive emotions (such

as calmness, relaxation) Low Valence-High Arousal (LVHA): elicits high energy
negative emotions (such as stress, anger) Low Valence-Low Arousal (LVLA): elicits

low energy negative emotions (such as boredom, depression)

Following each VR video, post-exposure ratings were collected from subjects to
annotate their emotions during the VR exposure. The post-exposure questionnaire
was the same as the pre-exposure, with additional questions about familiarity and
liking ([154]) of content. The familiarity score was collected on a 1-5 scale. Between
subsequent VR videos and self-reporting, participants were given rest periods to
avoid VR sickness or fatigue. Additionally, participants were asked to Il VRSQ
after completing the fourth and eighth VR videos. More details on stimulus selection,
stimulus order, and playlist creation are provided in section 4.2 of the supplementary

document.
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5. Qualitative Interview: At the end of physiological data collection, the participant's
sensors were removed following the qualitative interview. The semi-structured in-
terviews allowed us to adapt the questions based on the participants' feedback. The
objective of the interview was to prompt the participants to articulate the emotions
that they experienced while watching the VR stimulus and the reason behind those
emotions. We used a monitor to show the VR videos from the assigned playlist in or-
der to support the participants in recalling the stimulus while explaining the emotions.
The questions like, "What was the major emotion felt in this video (referring to the
video)?” and Were there any mixed emotions that you (participant) felt while being ex-
posed to stimulus were asked to capture the subjective experiences. The interview was
audio-recorded after obtaining consent from participants. Later, the audio recording is
converted into text during dataset preparation using Google speech-to-tekt A
data is then manually cleaned to extract each subject's response to the interviewer's

guestions.

4.2.2 ExperimentaSetup

EEVR consists of two physiological signals: Electrodermal Activity (EDA) and Photo-
plethysmography (PPG). The physiological signals are recorded using the 4-channel Biopac
MP362 system. The Biopac MP36 consists of 4 channels to collect a maximum of four
synchronized signals simultaneously. The MP36 system was connected to BSL4 data acqui-
sition software to visualize and store the physiological signal data and to the peripheral PPG
and EDA sensors. The EDA sensor module (SS57LA Hardware méylulas attached

to the index and middle ngers ([155]) of the participant's non-dominant hand, utilizing
EL507 Electrodes for collecting users' skin electrical conductance. The PPG sensor module

(SS4LA Hardware modul® was attached to the participant's non-dominant hand ring nger.

Ihttps://cloud.google.com/speech-to-text
2https://www.biopac.com/product/mp36r-systems/
Shttps://www.biopac.com/product/eda-lead-bsl/
“https://www.biopac.com/product/photoplethysmogram-for-pulse-waveform-bsl/
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Non-dominant was used to attach sensors for minimizing noise due to motion artefacts.
Before attaching the sensors, Isotonic Gel was applied to EDA electrodes to ensure minimal
noise in the collected data. The biopac MP36 has been used in prior research for collecting
physiological signal data ([156, 157, 158, 159]). It has a resolution of 2000 Hz for all
acquired physiological signals. For 360° video stimulus, a Meta Quest Pro headset was used.
This headset has 2 x LCD panels with 1800 x 1920 pixels per eye, a refresh rate of 90Hz,
and a 106° Horizontal x 96° Vertical Field of view. It incorporates eye relief adjustment,
lens spacing, and spatial audio support. We have used the OpenXR plugin to integrate the
Meta Quest pro headset with the Unity application. OpenXR plugin also helped us with
hand gestures and controls for interacting with the application's user interface. Pre and

post-exposure ratings were collected using iPad Pro Tablet.

4.2.3 ParticipantandExperimentDetails

EEVR comprised 37 healthy participants (21 males, 16 females) aged 18-33 (M=23.1,
SD=4.02). Participants were from varying educational backgrounds - Bachelor (24), Master
(8), Senior High School (4) and Doctorate (3). Our exclusion criteria exclude individuals
with experience or a history of heart issues, heart arrhythmia, high blood pressure, medical
conditions affecting equilibrium, visual or auditory impairments, neurological ailments, cog-
nitive challenges, psychological issues, or diagnosed depression, as per the guidelines laid
out in ([155]). Additionally, participants with low pro ciency in the English language were

not included in the study to avoid any impact of language understanding on the participants.
All participants included in the study were requested to sign the consent form. Participants
were also instructed to forbid any caffeine intake and refrain from exercising 3 hours before
the experiment. The study was conducted in an institute research lab with minimal distur-
bance. The experiment setup (room temperature and sitting arrangements) remained the
same for all the participants. The experiment was conducted with the experimenters present

in the lab.

61



4.2.4 DataseDescription

The EEVR dataset comprises 296 emotion tasks plus 37 baselines, with each of the 37
participants experiencing eight VR 360° videos. These tasks aim to gather physiological data,
totaling approximately 797 minutes and 83 seconds, including each participant contributing
3 minutes of baseline data. Along with physiological data, 296 textual descriptions were
collected from 37 participants through interviews. The physiological data segment was
identi ed with video.ID and subjeciD. The EDA and PPG data were originally collected

at a sampling frequency 2000Hz but were downsampled to 15.625Hz for EDA and 125Hz
for PPG data. The downsampling was done to reduce computation costs while maintaining
the data quality. Prior work has utilized EDA data at a sampling frequency of 4Hz and PPG
of 64Hz minimum ([37]). More details about dataset preparation, cleaning, and analysis are

provided in the supplementary section 5.

4.2.5 Annotation

All physiological data segments (Participdbt - Video_ID) are annotated with self-reported
ratings of arousal, valence, dominance (using SAM scale), discrete emotional ratings using
PANAS (further used to calculate positive and negative affect scores), and additionally, we
have a qualitative textual description for each data segment. Moreover, liking and familiarity
scores on a scale of 1-5 are also present for each segment. Further, we have personality
scores and GHQ-12 ratings for each participant. More details on the affect score and GHQ
score calculation and annotation analysis have been added to the supplementary sections 4.4
and 5.1.

Labels for Supervised Learning: For supervised learning, we propose three 2-class
labels based on both participants' responses to arousal, valence questionnaire, and based on
stimulus annotations. The arousal data was collected on a scale of 1-5, which was further
divided into binary classes by considering data with 0-3 ratings as low arousal and 4-5 as

high arousal; we followed a similar process for categorizing valence data. The physiological
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data collected during video stimulus from LVHA, LVLA, and baseline are annotated as
negative emotions, while the videos from HVHA and HVLA are annotated as positive,
creating binary classes. The baseline was annotated as negative valence, considering the
stress that participants may undergo due to the sensor attachment procedure and activities
before the experiment. Upon analysis, we found our arousal labels were skewed compared
to other labels. To overcome this skewness, we have used oversampling for the arousal

labels.

4.3 Experiments

4.3.1 Baseline

We conducted baseline classi cation for three tasks: Arousal Classi cation, Valence Clas-
si cation, and Stimulus-label-based Emotion Classi cation. Each task involved binary
labels. We have performed baseline classi cation separately for each data modality: EDA
and PPG for all three labels. Followed by multimodal classi cation of physiological sig-
nals combining EDA and PPG data. All physiological signal-based baseline experiments
were conducted using Leave-one-subject-out (LOSO) cross-validation ([36]). All the re-
sults are presented in Table 4.2 as the average performance across all LOSO subijects,
calculated over three different seed values. To validate our text data, we also performed
baseline classi cation tasks for only text data, and the results are presented in Table 4.2.
Next, we conducted contrastive training ([148]) to present our pre-training method using
the paired physiological signals and textual data. The baseline results with or without
contrastive training on 296 (excluding baseline samples) text-physiological signal pairs
are presented in Table 4.3. The code for all baseline implementations is present here
https://github.com/alchemyl18/EEVR/ . Next, we present more details on phys-

iological signals, text, and contrastive baseline.
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Modality Models Stimulus-label Valence Arousal

Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score
Logistic Regression 86.78+ 0 0820 61.56+ 0 0.71+0 47.41+0 0.36+0
Decision Tree 85.09 £ 0.17 0.83+0 58.46+1.06 0.64+0.01 54.05+1.12 0.35%0.02
Random Forest 90.79+0.46 0.89+0.01 60.26+1.81 0.66+0.01 57.23+1.19 0.28+0.04
EDA LDA 87.69+0 0.85+0 61.86+0 0.69+0 48.97+0 0.37x0
XGBoost 90.69+0.52 0.89+0.01 59.76+0.52 0.66+0.01 56.61+0.34 0.37+0.01
SVM 85.29+0 0.81+0 59.16 £ 0 0.71+0 51.66+0 0.44+0
MLP 87.39+0 0.85+0 61.86+0 0.68+0 57.27+0 0.39+0
Logistic Regression 81.08+0 0.77+0 61.26+0 0.70+0 56.29+0 0.42+0
Decision Tree 68.87 £ 0.35 0.65+0 54.35+0.30 0.59+0.01 4943+0.32 0.26+0.01
Random Forest 75.88+0.35 0.69+0.01 61.66+1.93 0.70+0 49.27+0.42 0.18+0.01
PPG LDA 81.08+0 0.78+0 58.96+1.73 0.67+0.06 54.47+3.72 0.40%0.02
XGBoost 4944+ 0 0.68+0 57.26+£0.76 0.64+0.01 4789+757 0.26+0.13
SVM 80.48+0 0.75+0 59.86+1.91 0.70£0.05 47.99+3.78 0.32+0.10
MLP 78.68+0 0.75+0 56.76 £ 0 0.66+0 54.16 £ 0 0.38+0
Logistic Regression 85.89+0 0820 60.06 + 0 0.69+0 55.23+0 041+0
Decision Tree 83.78+0.80 0.83+0.01 62.77+0.30 0.66+0 58.13+0.70 0.40+0.01
Random Forest 90.69+0 0.89x0 61.06+1.35 0.70+x0.01 56.78+156 0.26+0.01
PPG + EDA LDA 84.89+139 0.82+0.01 5756+295 0.66+0.06 5548+104 0.42+0.01
XGBoost 87.19+273 0.85+0.03 61.36+4.79 067+004 580+166 0.36+0.06
SVM 87.29+1.39 0.84+0.02 62.16+2.08 0.72+0.02 5597+3.44 0.38+0.04
MLP 83.48+0 0.81+0 58.86+ 0 0.63+0 56.89+1.47 0.36+0.03

Table 4.2: Results for Arousal Classi cation, Valence Classi cation, and Stimulus-label-based
Emotion Classi cation on EDA and PPG Data

Physiological Signal Baseline

We present our baseline model using hand-crafted features from our physiological signal
data, similar to prior work on emotion recognition ([37, 160, 161, 16]). To extract our
features, we performed the following steps: First, each EDA and PPG data segment is
Itered. EDA data is Itered using a low-pass Iter with a 5Hz cutoff frequency and a
4th-order Butterworth lter, while PPG data is cleaned using a bandpass Iter. Next, the
EDA data is decomposed into tonic and phasic components, referred to as skin conductance
level (SCL) and skin conductance response (SCR) using cvxEDA, a convex optimization-
based approach ([162]). We then extracted statistical features, including dynamic range
and slope, from both SCR and SCL components and time-domain features from SCR,
such as the number of peaks, average amplitude, and duration. For PPG data, feature
extraction is performed using the Neurokit Library ([163]) to extract HRV-related time
domain, frequency domain, and non-linear features. After feature extraction, the features are

normalized participant-wise using min-max scaling. Classical machine learning algorithms
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are then applied to the extracted features for all three classi cation tasks. We combine the
handcrafted features from both modalities to train our multimodal machine-learning models
using both EDA and PPG data. All machine learning models are trained using default
hyperparameters from sklearn. For the training MLP, we used two hidden layers with 50
and 100 dimensions. All classi cation models are trained using the following seeds: 42,
43, and 111. Results are presented in table 4.2 and additional details about experiments are

provided in supplementary section 5.5.

Textual Data Baseline

Next, we performed the three classi cation tasks on our textual data (for 296 samples
excluding baseline). We followed the standard text classi cation pipeline, starting with
data preprocessing, which includes data cleaning (removing stopwords and punctuation,
converting to lowercase) and lemmatization. Following this, we applied tokenization, and
then we ne-tuned two pre-trained models (DistilBERT ([164]) and XLM-RoBERTa Base
([165])) for the classi cation tasks. For our experiments, we have generated ve random
splits, with 80% of the data used for training and 20% for testing. Results are presented in

table 4.2.

Figure 4.2: The Architecture for Contrastive-Language Singal Pre-Training (CLSP).

4.3.2 Contrastivd_anguage-SigndPre-training

To underscore the importance of integrating textual descriptions in emotion recognition,

we introduce the Contrastive Language-Signal Pre-training (CLSP) method for extracting
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more contextualized representations. The model was trained on physiological signals and
text pairs to learn a joint embedding space, where both modalities are closely aligned
using a contrastive loss function [148]. Following pre-training, we evaluated the model's
performance on test subject data using the leave-one-subject-out cross-validation approach,
leveraging minimal labels generated in the format "DataaddssTypey” (e.g., "Data of
positive emotion class”). CLSP employs separate neural networks to process the handcrafted
features of physiological signals (PPG and EDA signal data) and text data. For signal
data, linear layers with hidden dimensions of 50 and 100 are utilized, while the text data
is processed using a pre-trained DistilBERT (transformer-based language model). These
extracted feature representations are then used to optimize a contrastive objective, maximiz-
ing the similarity between positive pairs and minimizing it for negative pairs. The detailed
architecture is depicted in Figure 4.2, and our results for CLSP are summarized in table 4.3.
We found that the emotion recognition for arousal and valence tasks using the CLSP method
led to signi cant improvement in classi cation results compared to without-text-supervision
(Hand-crafted features + Neural Network (two linear layers of dimensions 50, 100)) train-
ing. This highlights the effectiveness of incorporating qualitative textual descriptions into
physiological signal-based emotion representation learning. Further experimental details

and comprehensive discussions are provided in Supplementary Section 5.5.

Modality Model Stimulus-label Valence Arousal
Accuracy F1 Score Accuracy F1 Score Accuracy F1 Score

EDA HC+NN 87.39 0.85 61.86 0.68 57.27 0.39
PPG HC+NN 78.68 0.75 56.76 0.66 54.16 0.38
EDA+PPG HC+NN 83.48 0.81 58.86 0.63 58.58 0.40
EDA+Text CLSP 64.19 0.68 70.38 0.73 77.25 0.81
PPG+Text CLSP 56.95 0.53 64.74 0.64 69.91 0.62
EDA+PPG+Text CLSP 53.50 0.48 64.87 0.60 69.64 0.64

Table 4.3: Results for Physiological Baseline without text using Hand-crafted features + NN and
with text using CLSP on 296 text-signal pairs for seed=43 and epoch=15.
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4.3.3 Zero-ShofTransfer

To assess the generalization capabilities of our pre-trained CLSP models across datasets
collected in varied environments, we conducted a zero-shot transferability evaluation on our
pre-trained model. For these experiments, we utilized three datasets representing distinct
data collection settings: Emognition, acquired using 2D video stimuli in laboratory settings
([166]), WESAD, gathered using the TSST psychological task and video stimuli within
controlled lab conditions ([37]), and NURSE, recorded in real-life hospital environments
during the COVID-19 pandemic ([167]). As detailed in Table 4.4, our pre-trained model
demonstrated the ability to predict emotions in these new domains with accuracy comparable
to the baseline models, and in several instances, it even surpassed the performance of su-
pervised baselines. These ndings show the effectiveness of integrating text-based emotion
descriptions for learning representations that transfer robustly across diverse data domains,
irrespective of the environment, device, or participant demographics. To ensure fair compar-
isons, we employed a standardized pipeline encompassing data cleaning, participant-wise

normalization, feature extraction, and classi cation across all experiments.

4.4 Discussion

4.4.1 Discussioron PhysiologicaBaseline

Our baseline results for the Valence and Stimulabel classi cation task across all classical
machine-learning models were better than random, suggesting that our models are able
to separate features for these labels. We observed that stimulus labels are easy to predict
using physiological signal-based features as compared to subjective labels like valence and
arousal. The PPG+EDA features gave the best performance for valence classi cation. And
EDA features provided the best performance for Stimulabel classi cation. The results

were nearly random for Arousal classi cation even after performing duplicate upsampling,

suggesting arousal classi cation is a dif cult label to predict purely based on physiological
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Arousal Valence

Dataset (Signal Type) Method Accuracy F1 Score Accuracy F1 Score
N MLP 52.80 0.57 61.89 0.36
Emognition (EDA) 70 ) chotcLsp  53.23 0.59 50.32 0.49
. MLP 49.94 0.53 50.63 0.28
Emognition (PPG) . 0 chotcLSP  48.19 0.47 51.88 0.41
. MLP 5153 0.54 55.12 0.34
Emognition (EDA +PPG) - chotcLsP  50.94 0.52 53.58 0.41
MLP 85.00 0.84 96.67 0.97
WESAD (EDA) Zero-shot CLSP 53.33 0.67 51.67 0.67
MLP 80.00 0.80 75.00 0.75
WESAD (PPG) Zero-shot CLSP  70.00 0.68 66.67 0.72
MLP 91.67 0.91 98.33 0.98
WESAD (EDA+PPG) S 0 chotCLSP  75.00 0.71 86.67 0.86
MLP 39.88 0.32 71.83 0.03
Nurse (EDA) Zero-shot CLSP  55.48 0.58 84.93 0.20
MLP 45.10 0.38 72.08 0.05
Nurse (PPG) Zero-shot CLSP  53.08 0.48 75.34 0.23
MLP 48.35 0.43 76.04 0.23
Nurse (EDA+PPG) - o shotCLSP  53.08 0.45 84.59 0.42

Table 4.4: Zero-shot transferability results of our pre-trained model (CLSP) compared to
supervised baseline model trained on existing datasets (Emognition, WESAD, and Nurse)

signals-based features. We have visualized our EDA and PPG handcrafted features for
all three tasks using t-SNE algorithms as shown in Figure 4.3. We observed that t-SNE
features are separable for Stimulusbel in the case of EDA data. While for other labels,

the features are overlapping. This suggests the need for more complex models and better

representation learning for valence and arousal prediction.

4.4.2 DiscussiomnCLSP

To assess the signi cance of aligning textual descriptions to physiological signal data, we
performed CLSP training for all three labels using EDA only, PPG only, and EDA+PPG
handcrafted features (for 296 tasks excluding baseline) along with text data. To compare
our CLSP results, we rst trained a hand-crafted features-based neural network (HC+NN)
model with two hidden linear layers of dimensions 50 and 100. These models were trained

for a batch size of 32 with 200 epochs, using a learning rate of 0.001. For optimization, we
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Figure 4.3: t-SNE plot depicting feature distribution of physiological signals according to
various labels (Arousal, Valence, and Stimulus-Label).

utilized the Adam optimizer with beta values of 0.9 for betal and 0.999 for beta2 and an
epsilon value of 1e-8. The CLSP model was then trained for contrastive objectives using
the HC+NN model for physiological signal embeddings and the DistillBert model with a
projection head of a single linear layer with dimension 100 for text embeddings. The project
head was added to match the dimensionality of the text embeddings (originally 768) with
signal embedding. The training was conducted for 15 epochs with a learning rate of 0.001
and batch size of 32. We found that our results were signi cantly better for arousal and
valence labels, suggesting the importance of augmenting text data for training subjective
labels like Arousal and Valence. The results were not as good for Stinhalosls, indicating

that the features extracted from signals do not complement the features extracted from text.
This mismatch could have happened due to the subjective nature of textual descriptions that
StimulusLabels cannot capture. This misalignment might have led to ineffective contrastive
training. The EDA+Text outperformed PPG+Text and PPG+EDA+Text, suggesting that

EDA features might align more with textual descriptions for arousal and valence labels.
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We also observed that the early fusion of EDA and PPG features for CLSP has led to poor
performance compared to EDA-only and PPG-only features, with Text indicating a need for
designing a more complex fusion technique. Overall, our results suggest that aligning text
data with physiological signals can improve learning for subjective labels, achieving results

that cannot be attained with objective labels alone.

4.5 Limitations

EEVR dataset is collected using pre-annotated virtual reality videos within controlled
laboratory settings. The experiment design does not consider the in uence of external
factors that may impact participants' emotional responses to immersive stimuli and assumes
isolated responses to stimuli. Factors such as VR sickness, familiarity with VR technology,
and attitudes toward this new technology may also affect participants' emotional responses.
Furthermore, the placement of sensors and the VR headset can cause discomfort. Therefore,
the signals recorded in this setting may not necessarily replicate real-life responses from all
participants. Moreover, training based on participants' ratings is susceptible to participant
bias, which may affect subsequent results. To address the subjectivity of emotional responses,
we have collected qualitative responses in the form of textual descriptions, providing rich
contextual annotations alongside objective ratings. Additionally, EEVR contains data from a
privileged set (upper middle class, educated) of the audience and does not represent other

sections of society and thus is biased towards a speci ¢ society group.

4.6 Ethical Considerations and Dataset Accessibility

EEVR study is approved by the Institution review boaod 111 T-Delhi registered with the
National Ethics Committee Registry for Biomedical and Health Research (NECRBHR). All
participants in this study provided explicit consent for recording their physiological signals

and audio data during qualitative interviews and for releasing this data for research purposes.

Shttps://irb.iiitd.edu.in/
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To protect their identities, participants were pseudonymized using numerical identi ers. The
audio data was transcribed, manually checked for any identifying information, and included
as textual descriptions devoid of sensitive content. Participants received merchandise goodies
worth 5.39 USD for their participation. The dataset is available for download under a CC
BY-NC-SA license for non-commercial research purposes on our website. The codes for
data cleaning, feature extraction, and classi cation are open-source and can be accessed. The
open-source code can be accessed through the following repository. Our dataset does not
have any direct negative impact on society and is designed and made open source, keeping

users' privacy in mind.

4.7 Summary

Overall, the results from the EEVR dataset highlight both the limitations of current ap-
proaches in collecting emotional self-reports. Although self-reports remain one of the most
reliable methods for capturing emotional experience, they are often constrained by objective
rating scales that oversimplify emotions, which are inherently continuous, dynamic, and
context-dependent. Such simpli cations can lead to the loss of important experiential details.
In this chapter, | emphasized the value of richer self-report modalities, particularly text-
or audio-based re ections, which provide deeper contextual information and align more
closely with physiological signals than conventional scale-based annotations. The proposed
experimental protocol is readily reproducible in laboratory settings and can be extended
to everyday data collection via conversational interfaces such as chatbots or audio-based
companion applications (a prototype discussed in Chapter 6). The EEVR dataset thus
offers a valuable resource for researchers working on physiological emotion recognition,
enabling the development and benchmarking of new machine learning models alongside
existing baselines. By pairing physiological signals with descriptive emotional narratives,
the dataset supports more nuanced modeling of emotional experience. It can also enable

investigation of how emotional responses relate to broader participant characteristics, in-
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cluding psychological well-being, personality traits, and physiological variability. Finally,
the availability of open-source baseline code and accessible documentation for datasets

promotes reproducibility and encourages further research building on this resource.
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Chapter 5

Emotions Aren't Just Numbers: Humanizing Emotion Data Pipelines

In this chapter, building on Chapter 1, which highlighted the importance of participant-
centered design in emotion data collection protocols, | present two complementary stud-
ies organized into Part 1 and Part 2. Part 1 examines participant perspectives within
laboratory-based data collection settings. Participants were exposed to a structured lab
emotion-elicitation protocol, followed by qualitative interviews aimed at understanding
their experiences, perceptions of the process, challenges encountered during data collection,
and the impact of these challenges on data quality. Part 2 shifts the focus to everyday
contexts, exploring participants' perspectives on sharing emotion-related data in natural-
istic settings. This part primarily adopts a qualitative approach and includes members of
the public and mental health professionals to better understand the practical, ethical, and
experiential challenges associated with real-world emotion data collection. Part 2 further
outlines practical guidelines for designing participant-centered approaches to emotion data

collection in real-world settings.

Part |: Participants' Perspectives on Emotion Data Collection in the Lab
Settings

Emotion recognition using physiological signal data relies heavily on human participants
as signi cant stakeholders for data collection and labeling. Thus, the quality of physiological
signal-based emotion data is also dependent on human participants. Moreover, other essential
data quality parameters include using high-resolution wearable sensors with minimal noise
or artifacts for physiological signal data collection, employing reliable methods for labeling
emotional states, collecting data from diverse groups of participants, using realistic elicitation

methods to collect emotional data that accurately re ect genuine emotional responses, and
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ensuring the data is complete with information on participants and their characteristics
(such as age, gender, personality and health history) [168, 36, 5, 169, 170]. As discussed in
Chapter 3, prior datasets have been collected across three settings: i) Laboratory Settings, ii)
Field with Constraints Settings, and iii) Field Settings. However, each experimental protocol
has its own set of limitations [36], which impact overall performance.

Moreover, prior research has largely emphasized design factors such as stimulus type,
stimulus content, and data-collection settings, while comparatively little attention has
been paid to how participant characteristics themselves in uence emotion elicitation and,
consequently, the quality and reliability of the resulting data [53, 39, 155, 37]. Building on
this, the emotion recognition community has recently begun to acknowledge participants
as active contributors rather than passive data sources; however, there remains a need to
bridge the research gap between data needs and participants' needs. Part one of this chapter

focuses on exploring the following research questions:

* RQ1: What participant-speci c factors can impact emotion elicitation, annotation,

and data quality?

* RQ2: What are the participants' perspectives on the physiological emotion data
collection process, including the labeling method, stimuli, and the experimental setup

(VR)?

We conducted a lab-based physiological emotion data collection experiment to address
our research questions, followed by semi-structured qualitative interviews with 37 partic-
ipants (21 males, 15 females, 1 undisclosed). Our choice of a lab setting aligns with the
prevalent use of such settings in prior research on physiological emotion data collection
[53, 39, 155, 37]. We used Virtual Reality (VR) short 360deos as stimuli in the lab.

The selection of VR-based stimuli stems from their demonstrated ability to evoke a higher
emotional response compared to 2D stimuli [171, 172]. The following sections delve into re-

lated literature, our study design, and our ndings. Next, we discuss the role of participants,
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focusing on how their perceptions and interpretations shape their emotional responses and
annotations. We then provide recommendations for practitioners and researchers in the HCI
and Al communities to work towards collaborative practices for collecting physiological

emotion data while keeping key stakeholders in mind.

Figure 5.1: The gure depicts the data collection procedure used in this paper in its ex-
ecution order. In the diagram, the following abbreviations correspond to the respective
components: GHQ (General Health Questionnaire), BFI10 (Big Five Inventory-10), VRSQ
(Virtual Reality Sickness Questionnaire), PPG (Photoplethysmography), EDA (Galvanic
Skin Response), V (video or Stimulus), and R (Rest). The Pre and Post-Exposure Ratings
include the Positive-Negative Affect Scale (PANAS) and the SAM Scales.

5.1 Methodology

To investigate our RQs, we conducted the data collection experiment in virtual reality using
VR 360 short videos. The Institute Review Board (IRB) approved the study for ethical
considerations. At the end of the study, participants received merchandise goodies worth $4

as a token of participation. The following sections describe our methods.

5.1.1 ParticipantSelection

Our study comprised 37 healthy participants (21 males, 15 females, 1 undisclosed) aged
18-33 (M=23.1, SD=4.02). Recruitment was conducted through institute-wide email calls
and promotions within social media circles. Exclusion criteria encompassed individuals
with experience or a history of heart issues, heart arrhythmia, high blood pressure, medical

conditions affecting equilibrium, visual or auditory impairments, neurological ailments,
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cognitive challenges, psychological issues, or diagnosed depression [155]. Additionally,
participants with low pro ciency in the English language were not included in the study to
avoid the impact of language. Our participant demographic and data summary from our

pre-study survey are presented in Table 5.1.

Category Details and Count

Total Participants 37

Gender Female (15), Male (21), Prefer not to say (1)

Playlist Playlist 1 (6M, 4F), Playlist 2 (4M, 4F), Playlist 3 (5M, 4F),
Playlist 4 (6M, 4F)

Age Range 18-33, Mean 23.1, SD 4.02

Education Senior High School (4), Bachelor's Degree (24), Master's Degree
(8), Doctorate (3)

Awareness about VR Yes (27), No (10)

Usage of VR Never (17), Rarely (14), Sometimes (4), Often (1), Very often (1)

Average Screen Time Less than 2h (2), 2—-4h (5), 4-6h (5), 6-8h (8), 8—10h (21)0h

(6)
General Health Assessment Healthy (20), Distressed (17)

Personality Characteristics Agreeableness (Low 3, High 34); Extraversion (Low 5, High 32);
Conscientiousness (Low 9, High 28); Neuroticism (Low 13, High
24); Openness (Low 5, High 32)

Table 5.1: Demographic information of the study participants. See Section B.4.2 for details
on playlists, health assessment, and personality characteristics.

5.1.2 StimulusSelectionandDataCollection

We employed a between-subjects study design (Figure 5.3b) with two independent variables.
The rst, VideoSet, refers to the two sets of (N=8) VR 36itleos presented to participants.

The second variable, VideoOrder, pertains to the sequence in which a video set is presented
to participants. For this experiment, a total of 16 videos were utilized. The videos were
selected from a publicly available 369R dataset [153], which was also used in prior
work. To curate the video subset, we applied a heuristic protocol, selecting four videos from

each category of the circumplex model [72]. The heuristic involved choosing videos with
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