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Abstract

Virtual Reality (VR) has been effectively used for eliciting emotions, yet most research focuses

on the intensity of affective responses rather than on how interaction influences those experiences. To

address this gap, this thesis advances a validated VR emotion-elicitation dataset through two extensions.

First, we add a new high-arousal, high-valence scene and validate its effectiveness in a within-subject

study (N=24). Second, we incorporate interactive elements into each scene by creating interactive and

non-interactive versions to examine the impact of interaction on emotional responses. We evaluate

interaction through a multimodal approach combining subjective ratings and physiological signals. Our

evaluation study (N=84) shows that interaction not only amplifies emotions but also modulates them in

context, supporting coping in negative scenes and enhancing enjoyment in positive scenes.

Multimodal Emotion Recognition (MER) increasingly depends on fine-grained, evidence-grounded

annotations, yet inspection and label construction are hard to scale when cues are dynamic and mis-

aligned across modalities. This thesis presents an LLM-assisted toolkit that supports multimodal emo-

tion data annotation through an inspectable, event-centered workflow. The toolkit aligns heteroge-

neous recordings, visualizes modalities on an interactive shared timeline, and packages synchronized

keyframes and time windows as traceable event packets. It then integrates an LLM with modality-

specific tools and prompt templates to draft structured annotations for analyst verification and editing.

Building on the dataset extensions and the event-centered annotation outputs, this thesis further

investigates modeling approaches for MER in VR that integrate behavioural and physiological signals

collected from VR headsets and wearable sensors. In particular, we introduce an LLM-based Mixture-

of-Experts (MoE) framework for multimodal emotion recognition, where experts specialize in different

modalities and a router assigns weights to experts for each event. The goal is to better connect predictions

to traceable multimodal evidence and support interpretation of affective cues in interactive VR settings.
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CHAPTER 1

Introduction

1.1 Background and Motivation

Emotions play a central role in shaping human experience, influencing perception, decision-making, and

behaviour [63]. Virtual reality (VR) has emerged as a powerful tool for eliciting emotions, offering im-

mersive and ecologically valid environments where affective states can be readily elicited for integrated

emotion experiences [46]. Prior research has successfully used immersive 360◦ videos, photorealistic

environments, and virtual environments to evoke a range of emotions [65, 108, 46]. However, the ma-

jority of existing methods rely on passive stimuli such as visual and audio, with limited exploration of

interactive or active forms of emotion elicitation in VR [8]. Compared with passive exposure, inter-

activity introduces users’ actions, feedback, and sense of agency into the emotion elicitation process,

allowing emotional responses to be shaped not only by external stimuli, but also by human’s actions and

engagement with the environment [63, 102]. As a natural extension of VR, interactive VR environments

hold promise for enhancing emotional experiences.

While prior work using virtual environments supports scene-level interaction (e.g., teleportation), the

specific role of object-level interaction in modulating emotional responses remains underexplored [20,

113, 46]. In particular, research on emotion in VR has focused on measuring responses and design-

ing affective visualizations, yet few studies have systematically varied the interaction to modulate and

potentially enhance its effect on emotional engagement. However, previous studies suggest that object-

level interaction holds significant potential. For example, object-level interaction enables VR users to

reach out and touch objects, making them much more immersed in the game world than traditional

screens [55, 49]. The opportunity to touch an object increases the feeling of perceived ownership of

that object, and the valuation of the object is also increased when the touch experience provides either

neutral or positive sensory feedback [98]. Novel designs for object interaction can significantly enhance

1
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perceived fun and user satisfaction [135]. Moreover, objects in the virtual world can exert variable im-

pact or control on users’ decisions, and thus object-level interaction has an impact on dominance by

suggesting or preventing users from accomplishing actions, as does a lack of interaction with the en-

vironment [26]. Despite these insights, it remains unclear how these mechanisms influence emotional

experience in VR. Investigating this relationship can clarify the affective role of object-level interaction

and guide the design of more emotionally engaging VR environments, which could be applied in mental

health research and practice [114, 9]. In this thesis, we first explore the fundamental question: Does en-

abling object-level interaction in virtual environments enhance the elicitation of emotional experiences?

To investigate this, we extend the VR emotion-elicitation dataset by Jiang et al. [46] in two ways. First,

we integrate affectively-designed interactive elements tailored to each scene by Jiang et al. [46]. For our

experimental comparison, each scene is implemented in two versions: an interactive version featuring

user-triggered actions (e.g., petting puppies, throwing stones, using a shield) and a non-interactive ver-

sion with identical audiovisual content. Furthermore, we extend the existing dataset [46] by adding an

additional scene. The authors reported that the dataset lacked a scene in the High-Arousal High-Valence

(HAHV) quadrant of Russell’s circumplex model [104], which limited its coverage of the full affective

space. To address this limitation, we developed a new scene, Surrounded by Elephants, based on a vali-

dated 360◦ video [65]. This addition ensures that all four quadrants are now represented, enabling more

balanced emotion elicitation. We have implemented both interactive and non-interactive versions of the

scene to investigate the effect of object-level interaction on emotion elicitation. We collect multimodal

recordings during these VR experiences. To support downstream analysis and modeling, this thesis

investigates LLM-assisted multimodal annotation and LLM-based MER. Together, these components

form a pipeline from controlled VR emotion elicitation to inspectable, event-centered annotation and

evidence-based multimodal emotion recognition.

Working with these multimodal VR recordings is often constrained by data work. Emotion-related cues

are distributed across modalities and vary over time, making cross-modal inspection, integration, and

event-level interpretation difficult. This increases the demand for fine-grained, descriptive, and evidence-

grounded annotations, but benchmark results highlight that annotation cost, limited labelled data, and

reduced robustness under domain gaps, noise, and missing modalities remain major barriers [73, 75].

Motivated by these needs, this thesis develops an LLM-assisted toolkit that supports inspectable, event-

centered multimodal emotion data annotation. The toolkit assists analysts in aligning heterogeneous



1.1 BACKGROUND AND MOTIVATION 3

recordings, selecting candidate events, and drafting structured annotations with traceable links to source

evidence, while keeping humans in control for verification and editing [143, 122].

These foundations also motivate modeling work for multimodal emotion recognition (MER). Conven-

tional deep learning models for behavioural and physiological signals often require task-specific training

and can generalize poorly across contexts, while their outputs are typically hard labels without transpar-

ent reasoning [133, 132, 86, 144]. Recent studies indicate that LLMs can support multimodal reasoning

and explanation across video and sensor data [144, 59, 109, 19, 70, 137], but LLM-based MER remains

underexplored in immersive VR settings. To address this gap, this thesis investigates an LLM-based

MER framework that integrates behavioural and physiological signals collected during VR experiences.

In particular, we incorporate a Mixture-of-Experts (MoE) module to support modality-adaptive multi-

modal fusion and to provide human-understandable explanations for MER.

Across our studies, we evaluate emotional responses using both subjective self-reports and objective

physiological measures. While the Self-Assessment Manikin (SAM) questionnaire provides valuable

subjective ratings of valence and arousal, it has inherent limitations [14]. It is a discrete, post-hoc

measure that is susceptible to cognitive biases and recall inaccuracies, and it may fail to capture the

full intensity of transient, high-arousal states. Physiological sensing, in contrast, provides an objec-

tive, continuous, and unconscious measure of affective responses, particularly for arousal-related re-

sponses [106]. This is especially critical for our study, as the visceral, immediate impact of interactive

elements – like the surprise of an elephant’s reaction or the tension of raising a shield – may manifest

in the autonomic nervous system before they are consciously processed and reported. By integrating

physiological data, we aim to capture these nuanced, real-time reactions, providing a more complete

and robust understanding of how interaction modulates emotional experience.

This work aims to explore the following research questions:

RQ1 Does the added scene Surrounded by Elephants reliably and effectively elicit High Arousal and

High Valence emotions?

RQ2 How does object-level interaction influence subjective and physiological measures of emo-

tional response compared to a non-interactive baseline?

RQ3 What is the relationship between subjective self-reports and physiological arousal in response

to affective interactions in VR?
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RQ4 How can an LLM-assisted toolkit support inspectable and event-centered multimodal emotion

data annotation?

RQ5 How can an LLM-based MoE framework improve multimodal fusion and provide human-

understandable explanations for MER?

1.2 Main Contribution

In summary, our work makes five key contributions to the fields of HCI and affective computing:

• We provide an extended VR dataset1 with a new scene that fills a critical gap in eliciting high-

arousal, high-valence emotions, enabling richer and more balanced affective research.

• We provide one of the first systematic investigations into the effects of object-level interac-

tion on emotional response, using a controlled experimental design with interactive and non-

interactive versions of each scene.

• We provide an empirical analysis combining self-report and physiological data, offering nu-

anced insights into affective processes and propose practical guidance for designing emotion-

ally resonant interactive VR experiences.

• We introduce an LLM-assisted toolkit2 that supports inspectable, event-centered multimodal

emotion data annotation, enabling scalable inspection and traceable label construction through

human verification.

• We propose an LLM-based MoE framework that aims to improve multimodal fusion and pro-

vides human-understandable, evidence-linked explanations for multimodal emotion recogni-

tion.

1.3 Thesis Outline

More specific contributions from each chapter are organized as follows.

Chapter 2 reviews prior work on measuring emotions, eliciting emotions in VR, affective interaction,

emotion recognition in virtual reality, LLM-assisted data annotation, using LLMs for emotion recogni-

tion, and Mixture-of-Experts.

1https://github.com/ZHEYUANK/VR-Dataset-Emotions-Interaction.git
2https://github.com/ZHEYUANK/Multimodal-Reviewer.git

https://github.com/ZHEYUANK/VR-Dataset-Emotions-Interaction.git
https://github.com/ZHEYUANK/Multimodal-Reviewer.git


1.3 THESIS OUTLINE 5

Chapter 3 presents our empirical work on interaction and emotional experiences in VR. It first de-

scribes the design and modeling of the VR scenes, then reports Study 1 for validating the effectiveness

of the Surrounded by Elephants scene, and Study 2 for examining how object-level interaction influ-

ences emotion elicitation. The chapter concludes with evaluation results covering emotion elicitation

measures, engagement time, engagement with the virtual environments, physiological measures, and

topic modeling of participants’ responses.

Chapter 4 presents an LLM-assisted toolkit for inspectable multimodal emotion data annotation, includ-

ing preprocessing and visualization, event detection and retrieval, and LLM-based annotation support.

Chapter 5 introduces a Mixture-of-Experts LLM framework for multimodal emotion recognition in

virtual reality, and describes its methodology.

Chapter 6 discusses the thesis findings by addressing the research questions, positioning our results

within existing literature, outlining implications for research and design, and noting limitations and

future work.

Chapter 7 concludes the thesis by summarizing the main outcomes and contributions.



CHAPTER 2

Literature Review

In this chapter, we review key areas relevant to this thesis, including methods for measuring emotions,

approaches to emotion elicitation in VR, affective interaction, multimodal emotion recognition, and

LLM-based methods for annotation and recognition.

2.1 Measuring Emotions

The widely used Circumplex Model of Affect [104] conceptualizes emotions along two continuous

dimensions: valence and arousal. Ekman’s model [27] classifies emotions into discrete basic cate-

gories; however, its universality remains debated due to, e.g., cultural variations [11]. Building on

these theoretical frameworks, emotions in HCI research are often measured subjectively using psycho-

metric self-report scales. Common approaches include categorical emotion scales [24], the Positive

and Negative Affect Schedule (PANAS) [124], the Self-Assessment Manikin (SAM) [14], the Pleasure-

Arousal-Dominance (PAD) scale [89], and the Affect Slider [11]. PANAS combines valence and arousal

into positive and negative affect scores but may misinterpret pleasure-driven positive affect, especially in

high-arousal negative scenarios such as anger, leading to misleadingly high positive scores [22, 99, 125].

SAM introduces a pictorial assessment with pleasure (valence), arousal, and dominance dimensions, pro-

viding an intuitive and efficient tool for self-reporting emotions [14]. Recent studies have demonstrated

its robustness and reliability in VR environment validations [130]. Given its multidimensional nature

and image-based icons, SAM is particularly suitable for immersive VR contexts, and we adopt it in our

study to capture valence, arousal, and dominance more comprehensively.

Objective emotion measures mostly rely on wearables and physiological sensors, as these provide con-

venient ways to estimate emotions by measuring multiple signals linked to the central and autonomic

nervous systems [133], including electroencephalography (EEG) [115], heart rate (HR) and heart rate

variability (HRV) [123], electrodermal activity (EDA) [6], facial behaviors [105, 134, 116], and eye

6
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blink [142]. However, these signals can be difficult to interpret, as similar patterns may reflect differ-

ent emotional states and are often influenced by noise and user movement, especially in immersive VR

settings [4, 117]. Despite offering objective insights, physiological signals do not fully capture the sub-

jective experience of emotion and require careful preprocessing and context-specific interpretation [100].

To improve reliability, combining multiple physiological signals can enhance emotion recognition accu-

racy and allow for richer measurement of affective states [38]. In addition, VR provides a highly control-

lable and repeatable setting where such multimodal measurements can be precisely integrated and vali-

dated [68, 69], supporting more comprehensive assessments of emotional responses [66, 128, 67, 101].

2.2 Eliciting Emotions in VR

Emotion elicitation in VR has traditionally relied on brief and isolated virtual environments designed to

induce specific affective states, typically through brief exposures lasting only a few minutes [30, 47, 86].

These environments often incorporate visual stimuli such as images from the International Affective

Picture System (IAPS) [60] or 360◦ videos [108], alongside auditory cues like emotionally expressive

music [110]. Beyond perceptual stimuli, recent studies have adapted autobiographical recall into VR,

using immersive cue-based paradigms to trigger emotional memories and associated physiological re-

sponses [37].

While effective for controlled induction, these approaches often lack interaction and dynamic affective

progression. Recent studies have explored more immersive experiences, particularly VR games, which

unfold over extended periods and evoke evolving emotional trajectories [35, 42]. These experiences

span a range of valence and arousal levels [10, 92], and can be shaped by design factors such as avatar

expressions [51], ambient lighting and color [7], and music [54]. However, the complexity and duration

of VR games may introduce variability in emotional responses and reduce their suitability for tightly

controlled experimental studies [62, 64].

Beyond basic emotional triggers, recent work has begun designing immersive VR environments to elicit

more complex states such as awe [20] and has provided evidence that emotionally responsive experiences

can be achieved through deliberate virtual environment design [113]. As a highly immersive, interactive,

and customizable medium, VR offers a promising platform for studying how specific design factors

shape emotional experience [46].



2.4 MULTIMODAL EMOTION RECOGNITION 8

2.3 Affective Interaction

Affective interaction refers to the ways in which emotionally meaningful exchanges occur between a user

and a designed system [79]. While many VR emotion studies rely on passive exposure, recent work has

begun to explore how interactive elements shape emotional experience. Studies have shown that features

such as haptic feedback [29], auditory signals [39], and interaction with virtual objects [76], virtual

agents [44], virtual pets [95] can modulate affective responses. For example, throwing paper planes

in VR can help users symbolically release negative emotions [120]. Such interactive designs have been

shown to enhance emotional engagement by enabling natural and goal-directed actions in immersive VR

settings [113]. Furthermore, researchers demonstrated that presence and emotion reinforce each other

during interaction [102], further supporting the role of interaction in affective experience. However, most

existing studies are designed for specific applications and lack reusable resources to systematically study

how interaction design in VR contributes to emotional responses. Our work addresses this limitation by

extending a validated VR emotion-elicitation dataset to cover all four affective quadrants and providing

scene-tailored object-level interaction designs. It examines how affective interaction influences user

engagement and emotional responses in VR-based emotion elicitation, while offering reusable materials

and a baseline for future studies.

2.4 Multimodal Emotion Recognition

Multimodal Emotion Recognition (MER) is a critical task that aims to integrate cross-modal cues to

identify human emotions. Prior MER work [17, 131, 56] can generally be grouped into two directions:

improving modality fusion and improving feature representation. For fusion, early MER pipelines often

adopted simple early-fusion baselines, where modality features are concatenated into a single represen-

tation [71]. Later work models cross-modal interactions explicitly, for example through tensor fusion

that captures higher-order relationships between modalities [138]. Transformer-based approaches fur-

ther use cross-modal attention to model interactions across unaligned multimodal sequences [118]. For

feature representation, Self-MM uses self-supervised multi-task learning to generate unimodal supervi-

sion signals and learn stronger modality-specific representations without requiring additional unimodal

labels [136]. However, these methods mainly formulate emotion recognition as a prediction task, often

producing a final label or score without explaining which multimodal cues support the prediction [71].

More recently, the emergence of LLMs has supported a shift toward generative formulations for emotion
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understanding, where models can not only predict emotions but also describe affective cues and generate

human-understandable explanations [73].

2.5 LLM-Assisted Data Annotation

Recent work has begun to treat LLMs as part of the data work workflow, where LLMs collaborate

on preprocessing and inspection, but still require human verification and explicit records of transforma-

tions [52]. Researchers explore LLMs as data preprocessors for tasks such as error detection, imputation,

and matching, and highlight practical limitations that motivate careful checking [143]. Visual analytics

research similarly argues that LLMs can help people navigate, query, and summarize data during inter-

active inspection, while stressing grounding and risk management rather than blind automation [41]. In

annotation, Human–LLM collaborative workflows show that LLMs can propose labels and explanations

while humans validate uncertain cases, improving efficiency without removing human control [122].

This direction is particularly relevant to multimodal emotion data annotation, which has increasingly

moved from human emotion labels in datasets such as IEMOCAP [15] and CMU-MOSEI [139] toward

richer formats in datasets such as MER-Caption [72] and OV-MERD [74], including natural language

emotion descriptions and open-vocabulary labels. This shift makes annotation more demanding because

analysts need to inspect temporally distributed cues, modality-specific, and contextual evidence together.

LLMs can therefore support emotion dataset construction by generating candidate labels and description,

with quality managed through human checks or model validation. For example, Jing et al. [48] apply

GPT-4o with structured prompting to annotate a multimodal emotion dataset, and validate labels through

human review and downstream training, showing both utility and the need for verification. Niu et al.

[94] show that LLM emotion judgments can systematically differ from human annotations, and argue

for integrating LLMs mainly for triage and quality control rather than fully replacing humans.

2.6 Using LLMs for Emotion Recognition

With the recent progress of LLMs, researchers have begun to explore their potential for emotion recogni-

tion [144]. Emotion-LLaMA [19] integrates visual, audio, and textual encoders with LoRA-based fine-

tuning to improve multimodal affect recognition, while WisdoM [121] enhances sentiment classification

by combining contextual world knowledge with multimodal cues. Another line of work applies prompt

engineering, where zero-shot or few-shot prompts are designed to elicit emotional reasoning without
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additional training. Studies demonstrated that task-specific and psychologically informed prompts can

substantially improve emotion detection performance [2, 145]. Building on this, chain-of-thought rea-

soning has been introduced to enable step-by-step inference of affective cues. THOR [34] and ECR-

Chain [40] show that structured reasoning helps LLMs identify implicit sentiments and emotion-cause

relations. More recently, multi-agent prompting frameworks have been proposed to enhance robustness

and interpretability, allowing multiple LLMs to act as emotional experts or evaluators that collabora-

tively refine predictions [126]. Together, these methods demonstrate that LLMs can serve as unified,

explainable, and context-sensitive models for multimodal emotion reasoning.

2.7 Mixture-of-Experts

Mixture-of-Experts (MoE) architectures instantiate multiple parallel expert sub-networks for a given

component and use a routing function to select or weight experts for each input [18, 43, 50]. This design

is attractive for multimodal emotion recognition because different modalities can have different noise

levels and time alignment quality, so the most reliable cues can vary across participants, scenes, and

moments. Recent MER work uses MoE to perform sample-adaptive modality weighting and reduce

negative transfer between modalities. For example, EMOE models modality-specific emotion experts

with dynamic routing, and introduces modality-specific enhancement and distillation to preserve strong

unimodal cues during fusion [32]. For continuous emotion prediction in more realistic settings, hierar-

chical MoE frameworks explicitly address incomplete and asynchronous inputs via multi-level routing

and cross-modal alignment to reduce temporal mismatch [146]. Other designs, such as cross-attention

gated MoE, use cross-modal attention to control expert contributions and encourage expert specializa-

tion, improving robustness when modalities provide conflicting evidence [91]. MoE has also been com-

bined with structured fusion, for example multimodal graph attention with MoE-style expert weighting,

to model relational context in interaction data rather than only feature concatenation [140]. Finally,

some MoE-based frameworks incorporate human preference alignment to bias model outputs toward

judgments that better match human ratings, which is relevant when objective physiological patterns and

subjective affect reports do not fully agree [129].



CHAPTER 3

Understanding the Effects of Interaction on Emotional Experiences in VR

Shouting Man with Gun

Solitary Confinement

Tunnel

Surrounded by Elephants

Puppies

Jetty at Lake

FIGURE 3.1. Illustration of the participant under six virtual reality scenes that could
elicit emotions with interactive objects highlighted in color.

3.1 Scene Modeling

To understand how interaction affects emotion elicitation in VR, we extend the validated dataset of

Jiang et al. [46] by incorporating interactive elements into each scene (details below). The original

scene distribution was retained to preserve comparability with Jiang et al. [46] and to keep the affective

variation among scenes, including different valence-arousal levels within the same quadrant. Each scene

was designed to target a specific quadrant of Russell’s circumplex model of affect [104] as shown in

Figure 3.2: Jetty at Lake and Puppies fall into the Low Arousal High Valence (LAHV) quadrant, Tunnel

and Solitary Confinement into the Low Arousal Low Valence (LALV) quadrant, and Shouting Man

with Gun into the High Arousal Low Valence (HALV) quadrant. Furthermore, the original dataset did

not include a scene targeting the High Arousal High Valence (HAHV) quadrant, which the authors

acknowledged as a limitation due to ethical considerations and risks of cybersickness [46]. To address

11
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Jetty at LakePuppies

Shouting Man with GunSolitary Confinement

Tunnel

Surrounded by Elephants 

LAHV

LALV

HAHV

HALV

Valence

Ar
ou

sa
l

Shouting Man 
with Gun

Surrounded 
by Elephants

Tunnel

Solitary
Confinement

Jetty at Lake

Puppies

FIGURE 3.2. Overview of the six VR scenes. Left: placement of the scenes within Rus-
sell’s valence–arousal circumplex model, covering all four quadrants (LAHV, HAHV,
LALV, HALV). Right: panoramic views of the scenes with interactive objects high-
lighted in yellow.

these concerns, we ensured that the new HAHV scene was ethically appropriate, designed to elicit strong

but positive emotions such as excitement and awe while avoiding distressing or fear content [77].

To address this gap, we followed Jiang et al. [46]’s approach and selected a HAHV video clip — Sur-

rounded by Elephants1 from Li et al. [65] consisting of 73 video clips. Following the setup of the

original video, the user spawns in an open grassland under a bright sky, seeing a herd of seven ele-

phants slowly approaching together. The scene offers a wide, unobstructed view, only limited by hills

in the far distance. This video was selected to minimize the risk of cybersickness, as prior studies have

shown that VR content with strong and dynamic visual motion (e.g., roller coaster simulations) often

provokes cybersickness [16], whereas gently paced, naturalistic scenes are expected to pose a lower risk

of cybersickness. This consideration is a critical factor in mitigating potential discomfort and ensuring

accessibility for a wide range of participants [46]. We then recreated this scene as an immersive VR

environment by converting the 360◦ video into a 3D model using Blender and Unity.

Interactive Scene Design. To examine how interaction influences emotional responses, we designed

the interactive elements to be intuitive and emotionally meaningful. Here, we define interaction as direct

manipulation with objects within the scene (e.g., picking up, throwing, touching, or using them). Each

scene was implemented in two versions: an interactive version with user-triggered actions and a non-

interactive version with identical audiovisual content, but no object-level interactions. This setup allows

controlled comparisons of how interactive elements contribute to emotion elicitation.

1Link to the Surrounded by Elephants original video https://www.youtube.com/watch?v=mlOiXMvMaZo

https://www.youtube.com/watch?v=mlOiXMvMaZo
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In the interactive scenes, players can teleport and interact with game objects using controllers. All

interactive elements in the scenes are highlighted with a yellow outline when the player’s distance to

the element is less than 2.5 meters, providing clear visibility and intuitive feedback about potential

interactions in a natural reach or teleportation range [61, 45]. Each scene also includes corresponding

sound effects as detailed in Table 3.1. As illustrated in Figure 3.2, the six modeled scenes highlight

the interactive objects in yellow. The details of the interaction in six scenes are shown in Figure A.2 in

Appendix A.3 and described below.

Tunnel. The player finds themselves in a long tunnel lit by dim lights, with pedestrians occasionally

passing by. A flashlight lies on the tunnel floor. The player can pick it up. The action triggers light vi-

brotactile feedback in the controller. Once grabbed, the flashlight turns on and can be used to illuminate

various areas of the tunnel.

Puppies. The player spawns in a spacious and furnished room with three puppies moving around. A

tennis ball is placed on a table. The player can pet the puppies to trigger soft vibrotactile feedback,

causing them to turn toward the player and sit down. The player can also pick up and throw the tennis

ball; the puppies will chase the ball and bring it back. If the player does not interact with the puppies for

over 15 seconds, the puppies will sit still on the ground.

Jetty at Lake. The player spawns on a jetty in front of a stone house by a calm lake, with hills covered

by trees and grass. At the end of the jetty, two stones and two paper planes are placed. The player

can grab the stones, triggering short vibrotactile pulse feedback, and throw them into the lake, which

produces splash sounds and visible ripple effects on the water surface. Paper planes can also be picked

up, triggering light vibrotactile feedback, and thrown, with a visible trajectory rendered at the tail during

flight.

Solitary Confinement. The player spawns in a confined, gloomy cell with a flashing light, a toilet

seat, and a single bed. A book and a metal cup are placed on the table. The player can knock on the

iron door, triggering strong vibrotactile feedback and loud knocking sounds. The cup and book can be

picked up and thrown at the door.

Shouting Man with Gun. The player spawns inside a furnished attic, where, after a short delay, a man

breaks in shouting and aiming a pistol at them. A metal riot shield is placed against the wall, featuring
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a small bulletproof glass window. The player can grab the shield for protection. The shield can be used

to block the view, and the player can observe the man through the window.

Surrounded by Elephants. The player is placed in a green grassland with distant hills and a cloudy

sky, where a herd of elephants slowly approaches. A banana floats above the grass. The player can

grab the banana, trigger light vibrotactile feedback, and throw it toward the elephants. This triggers the

elephant to pick it up with its trunk and eat it. When the player touches the elephant, it triggers deep

vibrotactile feedback in the controller; the elephant takes two steps back, raises its trunk, and produces

a vocal sound.

We developed our scenes using Unity 6000.0.46f1 Long-Term Support (LTS) version to ensure compat-

ibility with the Meta Quest runtime environment and the SDKs employed in this study. All 3D models

were either imported from open-source repositories licensed under CC BY-SA, obtained from the Unity

Asset Store under its standard license, or created using Blender.

3.2 Study 1: Validating the effectiveness of the Surrounded by Elephants

Scene

First, we carried out a user study following a within-subjects design to evaluate if the VR scene Sur-

rounded by Elephants elicited HAHV emotions as effectively as its original 360◦ video format (RQ1).

The study was approved by our university’s research ethics committee.

3.2.1 Apparatus

The study took place in a university lab with an unobstructed room-scale tracking area of more than

3 × 3 metres. We used a Meta Quest Pro VR headset for the study. We rendered the scene in Unity

and ran it on a desktop PC (Intel Core Ultra 9 285K, 32GB DDR5 RAM, Nvidia RTX 4080 SUPER)

connected via a Quest Link cable.

https://www.blender.org/
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TABLE 3.1. Details of the modeled interactive scenes for emotion elicitation. V – Va-
lence, A – Arousal.

Scene
Name

Visual Description Sound
Effect

Interactive
Elements

Targeted
Emotion

Ref.

Tunnel A long tunnel lit by
dim lights, with pedes-
trians occasionally
passing by.

Footsteps Picking up a
flashlight.

V: Mid-to-
low
A: Mid-to-
low

[108]

Puppies A spacious and fur-
nished room with sev-
eral puppies around.

(Quiet) Petting puppies
and throwing ball.

V: High
A: Low

[108, 65]

Jetty at
Lake

A jetty in front of a
stone house by a lake,
with hills covered by
trees and grass.

Water flow Throwing stones
and paper air-
planes.

V: High
A: Low

[108]

Solitary
Confinement

A gloomy cell with a
flashing light, a toilet
set, and a single bed.

Water
dropping

Knocking door;
grabbing a book
and a cup.

V: Low
A: Low

[65]

Shouting
Man with
Gun

A furnished attic. A
furnished attic where
a man breaks in while
shouting and aims a
pistol at the player af-
ter a certain time.

Man
shouting

Using shield to
block and ob-
serve.

V: Mid-to-
low
A: High

[108]

Surrounded
by Ele-
phants

A green grassland
with distant hills and a
cloudy sky, where ele-
phants walk toward.

Wind and ele-
phant trumpet-
ing

Feeding and
touching ele-
phants

V: High
A: High

[65]

3.2.2 Procedure

Upon arrival in our lab, we assigned each participant a unique anonymous identifier for data manage-

ment. Moreover, we screened participants for potential health risks related to VR use (e.g., epilepsy, mo-

bility or visual impairments, adverse emotional responses). Eligible participants received an overview

of the study, provided informed consent, and completed a questionnaire on demographics and prior VR

experience. Participants then completed a tutorial scene to familiarize themselves with the VR system,

during which a baseline SAM questionnaire [14] was administered. Participants subsequently experi-

enced one 360◦ video and one VR scene in a balanced random order, each lasting at least 30 seconds

with the option to continue exploring before completing the SAM scale (see Figure A.1). Between
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scenes, participants transitioned back to the lab environment via the headset’s mixed reality feature for

a 60-second break. The study lasted approximately 10 minutes per participant.

3.2.3 Participants

We recruited 24 volunteers (12 female, 12 male) aged between 19 and 38 years (M = 25.63, SD = 3.70)

to participate in our study. All participants provided informed consent prior to the study. They did not

receive monetary compensation, but were offered snacks. Our participants reported different levels of

VR experience: 8 used VR daily, 7 weekly, 5 monthly, and 4 never.

3.2.4 Results

We first evaluated how effectively the Surrounded by Elephants VR scene elicited emotion. We collected

a total of 72 SAM measurements (24 participants × 2 CONDITIONS × Surrounded by Elephants). The

two CONDITIONS were the original 360◦ video [65] and the respective modeled VR scene.

After checking for normality, we applied ART ANOVAs [127] to analyze the non-normally distributed

data (Shapiro-Wilk test, p < 0.05). For Valence, the main effect of CONDITION was significant,

F (1, 23) = 15.597, p < 0.001, η2 = 0.440, indicating that the Surrounded by Elephants VR scene

elicited significantly higher ratings than the 360◦ Video. For Arousal, the main effect of CONDITION

was not significant, F (1, 23) = 0.055, p = 0.817, η2 = 0.004, indicating no difference between the VR

Scene and the 360◦ Video. For Dominance, the main effect was significant, F (1, 23) = 9.015, p < 0.01,

η2 = 0.368, with higher ratings for the VR scene compared to the 360◦ video. Overall, the VR scene

elicited higher valence and similar arousal compared to its 360◦ video counterpart, supporting its use as

a high-valence, high-arousal VR scene. The VR scene also elicited higher dominance, suggesting that

participants felt a stronger sense of control in the modeled VR environment, consistent with previous

findings. Our results show that our Surrounded By Elephants VR Scene can elicit high-valence, high-

arousal emotion. Table A.2 in Appendix A.1 presents the results, showing that the VR scene elicited

emotional responses comparable to the 360◦ video, indicating its effectiveness for high-arousal, high-

valence emotion elicitation.
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FIGURE 3.3. An example of the experimental setup for participant experiencing VR
scenes.

3.3 Study 2: Understanding Effects of Interaction on Emotion Elicitation

Then we conducted a mixed-design user study to investigate the role of affective interaction when elic-

iting emotions in VR (RQ2 and RQ3). Affective interaction design (Interactive vs. Non-Interactive)

served as a between-subject factor, while the six VR scenes were used as a within-subject factor. We

applied a balanced Latin square to counterbalance the scene order across participants. Physiological and

self-report measures were collected throughout to examine how interactive elements influence emotional

responses and how these responses are reflected in physiological signals. This user study received ethics

approval from our university.

3.3.1 Apparatus

We used a Meta Quest Pro VR headset and two Meta Quest Touch Pro controllers for all VR scenes.

The study was conducted in a university lab space with an unobstructed room-scale tracking area of over

3 × 3 meters to support full-body interaction. All scenes were rendered in Unity and ran on a desktop

PC (Intel Core Ultra 9 285K, 32GB DDR5 RAM, Nvidia RTX 4080 SUPER) via a Quest Link cable

connection. The experimental setup is shown in Figure 3.3.
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Briefing (10 min) Experiment ( 30 min) Debriefing (10 min)

Intro Consent Tutorial DebriefSAM VR Scene InterviewSAM

X6

Questionnaire

FIGURE 3.4. Study Protocol: Some study elements were conducted outside the VR
environment (blue), while the main study components occurred within the VR environ-
ment to avoid breaking participants’ immersion (orange).

3.3.2 Measurements

During the study, we used the SAM questionnaire to assess participants’ emotional states. We also

collected their physiological data using the Empatica EmbracePlus wristband during the study. We

recorded electrodermal activity (EDA) and blood volume pulse (BVP) signals via the Empatica Care

Lab mobile application. EDA was sampled at 4 Hz, and BVP at 64 Hz. In addition, we conducted semi-

structured interviews in which participants identified the scenes they found most and least emotionally

impactful and provided explanations for their choices.

3.3.3 Participants

We recruited 84 participants (42 female, 42 male) aged between 19 to 35 years (M = 24.05, SD = 3.03).

All participants provided informed consent prior to the study and were compensated with a gift card

(≊ 15USD) for their participation. Each participant was assigned a unique anonymous identifier for

data management. Participants came with various VR usage experiences, with 14 reporting daily use,

21 weekly, 25 monthly, and 24 never. Table A.1 in Appendix A.1 presents the demographic details for

the user study.

3.3.4 Procedure

The study protocol is illustrated in Figure 3.4. Upon arrival in our lab, participants were first screened

for potential health risks related to VR use, including epilepsy, mobility impairments, severe visual im-

pairments, and a history of adverse emotional responses such as anxiety disorders or PTSD through a

questionnaire. We then provided eligible participants with an overview of the study’s purpose. After

confirming their understanding, they provided written consent and completed a questionnaire that col-

lected demographic information, including gender, age and prior VR experience. We then fitted the

https://www.empatica.com/en-int/embraceplus/
https://www.empatica.com/embraceplus-compatibility/
https://www.empatica.com/embraceplus-compatibility/
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participants with an EmbracePlus wristband to record physiological data, which they wore for the entire

duration of the study, approximately 50-60 minutes per participant. After that, we asked participants to

complete a tutorial, designed to introduce them to the VR system and ensure their familiarity with the

headset and control methods, including teleportation for navigation and interaction with the designated

virtual objects.

The tutorial scene was implemented in two versions to familiarize participants with the VR system.

Both versions were set in an open, unobstructed virtual space with a text panel in front of the participant

explaining the study procedure and controls. In the non-interactive version, participants practiced tele-

portation by moving to an exit point and then completed the SAM questionnaire [14]. In the interactive

version, two blue cubes were placed in front of the participant, and participants practiced picking them

up and throwing them before teleporting to the exit point to complete the SAM questionnaire. Within this

scene, we also collected a baseline measurement of their emotional state using the SAM questionnaire.

Once comfortable with the setup, participants proceeded to experience all six VR scenes in a counter-

balanced order using a Latin square design. Each scene lasted for at least 30 seconds, after which an

exit point appeared. Participants could, however, choose to remain in the scene for further exploration or

leave the scene by teleporting to the exit point. Upon leaving, they were teleported to the initial position

of the scene to complete the SAM questionnaire. Afterwards, they exited the scene and returned to the

mixed reality environment of the lab for a 60-second break to reduce any potential emotional carryover.

After completing all scenes, participants exited the VR application and took part in a semi-structured

interview. This final phase aimed to gather qualitative insights into their emotional responses and overall

experiences with each scene.

3.4 Evaluation Results

To capture how object-level interaction shapes emotional experience in VR, we detail the findings of

our study in this section and provide a comprehensive evaluation of the interaction of the scenes. Pre-

cisely, we first compared SAM results between the interactive and non-interactive versions to examine

differences in emotional elicitation. To uncover the behavioral and contextual mechanisms behind these

ratings and gain a more comprehensive understanding of the emotion elicitation process, we further an-

alyzed participants’ interactions with the virtual environment, including time engaged with each scene,

virtual position and orientation, and emotion-related descriptions extracted through topic modeling. In
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addition, we analyzed physiological data, including BVP and EDA, to complement the assessment of

emotional responses.

3.4.1 Emotion Elicitation Measurements

We analyzed 588 SAM measurements (42 participants per group × 2 AFFECTIVE INTERACTION DE-

SIGN × SCENE (6 scenes, and the tutorial as baseline)). The AFFECTIVE INTERACTION DESIGN refers

to the interactive and non-interactive versions of the VR scenes. As the data deviated from normality

(Shapiro–Wilk test, p < .05) and the study used a mixed design with repeated measurements across

scenes, we used linear mixed-effects models to analyze SAM ratings, focusing on between-group ef-

fects. The model specified AFFECTIVE INTERACTION DESIGN and SCENE as fixed effects with their

interaction, included Gender, Age, and XR experience as control variables, and added a random intercept

for participants to account for within-subject dependency. The fixed-effects estimates are summarized

in Table 3.2.

The emotional responses in the valence-arousal space are illustrated in Figure 3.5, Figure 3.6, and Fig-

ure 3.7. The results indicate differences in emotional responses based on the presence of interactive

elements. For example, in the Puppies scene, the interactive version elicited higher valence, arousal,

and dominance ratings than the non-interactive version. In the Shouting Man with Gun scene, interac-

tion led to higher valence and dominance, while arousal remained similarly high across both versions.

3.4.1.1 Effects of interaction

As illustrated in Table 3.2, across all scenes, the main effect of the interaction was not significant:

Valence (Estimate = -0.01, SE = 0.36, 95% CI = [-0.70, 0.71]), Arousal (Estimate = 0.06, SE = 0.47,

95% CI = [-0.87, 0.98]), and Dominance (Estimate = -0.29, SE = 0.44, 95% CI = [-1.15, 0.57]). By

contrast, the effects of the scene were robust, eliciting the targeted emotions, e.g., reduced Valence

and increased Arousal in Shouting Man with Gun, or decreased Valence and Dominance in Solitary

Confinement.

The interaction between AFFECTIVE INTERACTION DESIGN and SCENE revealed how affective inter-

action influenced experiences in specific contexts. Valence increased in Puppies (Estimate = 0.88, SE

= 0.42, 95% CI = [0.05, 1.71]), with participants rating higher values when they could pet and play

the ball with the puppies. Arousal decreased in Tunnel (Estimate = -1.14, SE = 0.55, 95% CI = [-2.23,
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TABLE 3.2. Fixed-effects estimates from linear mixed-effects models for Valence,
Arousal, and Dominance. Each outcome was modeled as Outcome ∼ Affective In-
teraction Design * Scene + Gender + Age + XR Experience + (1|Participant), where
Affective Interaction Design refers to interactive vs. non-interactive, and Scene includes
one tutorial (baseline) and six VR scenes. Values are reported as Estimate (SE) with
95% CI.

Parameter Valence Arousal Dominance

Estimate Estimate Estimate

M SE 95% CI M SE 95% CI M SE 95% CI

Intercept 6.37*** 0.92 [4.54, 8.20] 5.80*** 1.21 [3.39, 8.20] 7.58*** 1.13 [5.33, 9.83]
Interactive -0.01 0.36 [-0.71, 0.70] 0.06 0.47 [-0.87, 0.98] -0.29 0.44 [-1.15, 0.57]
Gender (Male) 0.26 0.22 [-0.18, 0.70] -0.85** 0.29 [-1.43, -0.27] 0.46 0.27 [-0.09, 1.00]
Age 0.02 0.04 [-0.05, 0.09] -0.04 0.05 [-0.13, 0.06] -0.02 0.05 [-0.11, 0.07]
VR Experience -0.07 0.11 [-0.28, 0.14] 0.26 0.14 [-0.02, 0.53] -0.24 0.13 [-0.50, 0.01]
Tunnel -1.76*** 0.3 [-2.35, -1.17] 0.26 0.39 [-0.51, 1.03] -2.21*** 0.36 [-2.93, -1.50]
Puppies 0.19 0.3 [-0.40, 0.78] -0.43 0.39 [-1.20, 0.34] -0.64 0.36 [-1.35, 0.07]
Jetty at Lake -0.07 0.3 [-0.66, 0.52] -0.43 0.39 [-1.20, 0.34] -0.31 0.36 [-1.02, 0.40]
Solitary Confinement -2.76*** 0.3 [-3.35, -2.17] -0.50 0.39 [-1.27, 0.27] -2.81*** 0.36 [-3.52, -2.10]
Shouting Man with Gun -2.60*** 0.3 [-3.18, -2.01] 2.05*** 0.39 [1.28, 2.81] -2.86*** 0.36 [-3.57, -2.15]
Surrounded by Elephants -0.02 0.3 [-0.61, 0.56] 1.00* 0.39 [0.23, 1.77] -1.17** 0.36 [-1.88, -0.46]
Interactive × Tunnel 0.02 0.42 [-0.81, 0.86] -1.14* 0.55 [-2.23, -0.06] 1.48** 0.51 [0.47, 2.48]
Interactive × Puppies 0.88* 0.42 [0.05, 1.71] 0.29 0.55 [-0.80, 1.37] 1.74*** 0.51 [0.73, 2.74]
Interactive × Jetty at Lake 0.67 0.42 [-0.17, 1.50] -0.48 0.55 [-1.56, 0.61] 1.05* 0.51 [0.04, 2.05]
Interactive × Solitary Confinement 0.40 0.42 [-0.43, 1.24] 0.62 0.55 [-0.47, 1.70] 1.14* 0.51 [0.14, 2.15]
Interactive × Shouting Man with Gun 0.64 0.42 [-0.19, 1.47] -0.19 0.55 [-1.28, 0.89] 0.83 0.51 [-0.17, 1.84]
Interactive × Surrounded by Elephants 0.21 0.42 [-0.62, 1.05] -0.26 0.55 [-1.35, 0.82] 1.12* 0.51 [0.11, 2.12]

Notes. Stars denote significance: * p < .05, ** p < .01, *** p < .001.

-0.06]) when participants could use the flashlight. Dominance increased in Puppies (Estimate = 1.74,

SE = 0.51, 95% CI = [0.73, 2.74]), Tunnel (Estimate = 1.48, SE = 0.51, 95% CI = [0.47, 2.48]), Solitary

Confinement (Estimate = 1.14, SE = 0.51, 95% CI = [0.14, 2.15]), Jetty at Lake (Estimate = 1.05, SE

= 0.51, 95% CI = [0.04, 2.05]), and Surrounded by Elephants (Estimate = 1.12, SE = 0.51, 95% CI =

[0.11, 2.12]). Figure 3.8 illustrates these differences, showing that interaction did not uniformly shift

responses, but produced scene-dependent effects, most consistently in measures of Dominance, i.e., the

sense of control a user feels over a situation during an emotional experience. Covariates further revealed

that male participants reported lower Arousal (Estimate = -0.85, SE = 0.29, 95% CI = [-1.43, -0.27])

than female participants.

Figure 3.5 shows scene-specific differences. Interaction generally yielded higher valence and dominance

in Puppies, Surrounded by Elephants, Jetty at Lake scenes. In these scenes, participants engaged more,

petting the puppies and playing fetch with them, feeding the elephants, and throwing stones or paper

planes. Differences were small or absent in Shouting Man with Gun and Solitary Confinement. For

arousal, effects of interaction were mixed, with lower values in Tunnel, but with little or no change in

other scenes.
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FIGURE 3.5. Illustrations of all emotional responses in the valence-arousal space. The
x-axis represents valence, the y-axis represents arousal, and marker size represents dom-
inance. Interactive and Non-Interactive results are from this study, Previous Study re-
sults from Jiang et al. [46], and 360◦ results from established datasets [65, 108]. The
Surrounded by Elephants scene is not included in the Previous Study.

Taken together, these patterns indicate that affective interaction design consistently elevated Dominance

across different contexts, allowing participants to feel more in control of the emotional experience rather

than passively receiving it. In contrast, its impact on Valence and Arousal varied across scenes, suggest-

ing that interaction does not simply amplify emotions uniformly, but rather shapes the user’s experience

in a context-dependent manner.
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FIGURE 3.6. SAM questionnaire results after experiencing each scene for valence,
arousal, and dominance.
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FIGURE 3.7. Kernel density estimate plots of valence and arousal values.

3.4.2 Engagement Time in VR Scenes

Based on the SAM results, we assess user engagement time to understand how interaction influences the

emotion-elicitation process. We compared the time participants spent in each scene under the interactive

and non-interactive conditions (see Figure 3.9 for details). Engagement time (in seconds, error: ±0.1

s) was measured from the moment participants entered the scene until participants exited it. Following

Jiang et al. [46]’s approach, a minimum engagement time of 30 seconds was set to provide consistent



3.4 EVALUATION RESULTS 24

1
2
3
4
5
6
7
8
9

Tu
nn

el

Pup
pie

s

Je
tty

 a
t L

ak
e

Soli
ta

ry

Con
fin

em
en

t

Sho
ut

ing
 M

an

with
 G

un

Sur
ro

un
de

d

by
 E

lep
ha

nt
s

V
al

en
ce

Condition Non−Interactive Interactive

(A) Valence

1
2
3
4
5
6
7
8
9

Tu
nn

el

Pup
pie

s

Je
tty

 a
t L

ak
e

Soli
ta

ry

Con
fin

em
en

t

Sho
ut

ing
 M

an

with
 G

un

Sur
ro

un
de

d

by
 E

lep
ha

nt
s

A
ro

us
al

Condition Non−Interactive Interactive

(B) Arousal

1
2
3
4
5
6
7
8
9

Tu
nn

el

Pup
pie

s

Je
tty

 a
t L

ak
e

Soli
ta

ry

Con
fin

em
en

t

Sho
ut

ing
 M

an

with
 G

un

Sur
ro

un
de

d

by
 E

lep
ha

nt
s

D
om

in
an

ce

Condition Non−Interactive Interactive

(C) Dominance

FIGURE 3.8. Model-predicted interaction effects from the mixed-effects models for
(A) Valence, (B) Arousal, and (C) Dominance across interactive and non-interactive
conditions. Each point represents the estimated marginal mean for a given scene, with
error bars showing the 95% confidence interval.

exposure across scenes before participants could exit. The Shapiro–Wilk test indicated that engagement

time distributions deviated from normality (p < 0.05). We thus used a linear mixed-effects model

with participant as a random intercept to compare scenes across both conditions, revealing significant

differences in mean engagement time.

The linear mixed-effects model revealed a significant main effect of interaction (p < 0.001), with

participants spending longer in interactive than in non-interactive scenes. This effect was most pro-

nounced in the Puppies scene (interactive: M = 133.58 ± 89.92 s, Med = 113.87 s; non-interactive:

M = 49.73 ± 21.46 s, Med = 42.92 s), where participants stayed more than twice as long on average

when interaction was enabled. Substantial differences were also found in Jetty at Lake (M = 73.39 s vs.

41.10 s), Surrounded by Elephants (M = 89.77 s vs. 52.66 s), and Solitary Confinement (M = 75.05 s

vs. 39.93 s), indicating that interaction extended engagement compared to the non-interactive scenes.

Overall, these results show that interaction significantly prolonged user exposure to the stimuli, suggest-

ing that the opportunity to act encourages participants to sustain their engagement rather than exiting

early. This indicates that affective interaction designs provide participants with greater opportunities to

fully experience the intended emotional context within the virtual environment.

3.4.3 Engagement with Virtual Environments

To investigate how interaction shapes participants’ spatial engagement and how these behavioral patterns

correlate with emotional responses, we analyzed participants’ engagement with the virtual environments
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FIGURE 3.9. Mean engagement time across scenes for interactive and non-interactive
conditions.

by comparing their virtual positions and orientations between the interactive and non-interactive condi-

tions. For each scene, we identified the areas within the scenes where participants spent the most time.

The analysis focused on the XZ plane, representing the top-down view of positions in the virtual space

(in Unity, the Y dimension corresponds to height). Figure 3.10 presents the sampled position data for

each condition across scenes. By examining these spatial engagement patterns in combination with topic

modeling results, we identified the following differences between the two conditions:

Tunnel. In the non-interactive condition, participants largely remained near the entrance of the corri-

dor. With interaction enabled, participants advanced deeper into the tunnel after picking up the flashlight

and explored the side doors, resulting in a more elongated spatial distribution. These behaviors were as-

sociated with higher dominance and lower arousal ratings in the interactive condition.

Puppies. Participants in the non-interactive condition mainly clustered near the entrance to observe

the puppies. Under the interactive condition, they moved more widely across the room, engaging with

the environment by petting the puppies or playing fetch using a tennis ball. This wider exploration

corresponds to the higher valence, arousal, and dominance ratings.
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FIGURE 3.10. Spatial engagement patterns across the six VR scenes under non-
interactive and interactive conditions. The positions are sampled every 0.1 seconds
(sampling frequency = 10 Hz).

Jetty at Lake. Movements in the interactive condition extended toward the end of the jetty, where

stones and paper planes were located, creating clusters there. Compared to the limited exploration in the

non-interactive condition, these behaviors were associated with higher valence and dominance as well

as reduced arousal.

Solitary Confinement. Across both conditions, due to the nature of the scene, movement was highly

restricted, with dense clusters near the spawning point. In the interactive condition, participants moved

slightly toward the table and door to interact with the book, cup, or knocking on the door, resulting in

a modest expansion of spatial distribution. These behaviors were accompanied with higher dominance

and arousal, though valence remained low.

Shouting Man with Gun. In the non-interactive condition, participants often moved toward the win-

dow at the back of the room. By contrast, the interactive condition involved more frequent approaches to

the riot shield along the left wall and to the gunman himself. This shows more active coping behaviors

and corresponds to higher dominance, whereas both conditions showed low valence and high arousal.

Surrounded by Elephants. In the non-interactive condition, participants dispersed toward the periph-

ery of the elephant herd, producing a wider spatial spread. With interaction, movements concentrated

within the herd’s range, focusing on feeding bananas or touching elephants. These interactions yielded
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higher valence, lower arousal, and greater dominance, reflecting a more positive and controlled emo-

tional experience.

Overall, the spatial engagement analysis shows that interactive elements encouraged participants to move

beyond the spawning point and interact with salient features of the environment. This increased explo-

ration was most consistently associated with higher dominance, while changes in valence and arousal

varied depending on the emotional character of each scene. Collectively, these spatial patterns demon-

strate that interactive elements function as attentional anchors, effectively guiding users’ physical move-

ment and focus toward key emotional features of the scene.

3.4.4 Physiological Measures

In addition to the before-mentioned measures, we also analyzed physiological responses recorded with

the EmbracePlus wristband and processed the signals using NeuroKit2 [83]. From the raw BVP data,

we derived Heart Rate Variability (HRV) and Heart Rate (HR). From the raw EDA data, we extracted

the phasic component (Skin Conductance Responses, SCRs), SCR frequency, and mean SCR amplitude

as indicators of arousal [13, 4].

From BVP, we detected systolic peaks and derived inter-beat interval (IBI) as the basis for HRV and

HR computation [88]. Following the general HRV analysis procedure [88, 106], we interpolated and

resampled the IBI data at 4 Hz to align the signals in a uniform time interval, and removed long-term

trends through detrending. We then obtained the HRV power spectrum from the detrended IBI data by

applying a short-time Fourier transform (STFT) with a 64-sized sliding window. Within each window,

we calculated the High-Frequency (HF: 0.15–0.40 Hz) component of HRV and applied a natural log

transformation to normalize the distribution. We also computed the mean HR within each segment.

Higher HF HRV is typically interpreted as stronger parasympathetic activation, which shows lower

physiological arousal [3]. Similarly, lower HR also indicates reduced arousal [3].

We applied linear mixed-effects models to the measures extracted from BVP signals, which revealed

significant effects of interaction. Estimates are reported in Table A.3 in Appendix A.1, and Figure 3.11A

and Figure 3.11B. HF HRV was significantly higher in the interactive condition (Estimate = 0.69, SE =

0.17, 95% CI [0.36, 1.02]), while mean HR was significantly lower (Estimate = -9.25, SE = 2.82, 95% CI

[-14.80, -3.70]). Scene contrasts further showed increased HF HRV in Puppies (Estimate = 0.31, SE =

0.12, 95% CI [0.06, 0.55]), Solitary Confinement (Estimate = 0.44, SE = 0.13, 95% CI [0.19, 0.69]), and
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FIGURE 3.11. Fixed-effects estimates for (A) HF and (B) HR.

Shouting Man with Gun (Estimate = 0.30, SE = 0.13, 95% CI [0.05, 0.55]). Notably, in Shouting Man

with Gun, the increase in HF HRV associated with interaction was significantly attenuated (Estimate =

-0.49, SE = 0.18, 95% CI [-0.84, -0.14]), suggesting that interaction may have limited regulatory benefit

in strongly negative contexts. This pattern is in line with the SAM ratings reported for these scenes.

We analyzed the phasic component of skin conductance responses (SCR). Following established proce-

dures for EDA analysis [13], the raw signals were filtered and deconvolved to separate phasic activity

from the tonic baseline. For each segment, we quantified two features: SCR count, representing the total

number of responses, and mean SCR amplitude, representing the average response magnitude. Higher

SCR count and amplitude are typically interpreted as stronger sympathetic activation, which reflects

greater physiological arousal [13].

The linear mixed-effects models results for SCR count and SCR amplitude are shown in Table A.4 in Ap-

pendix A.1 and Figure 3.12A and 3.12B. Although no statistically significant main effects of interaction

or scene-level interactions were observed, consistent directional trends emerged that suggest increased

sympathetic activation in the interactive condition. Specifically, for SCR count, marginal increases were

observed across most scenes, with the largest differences in Tunnel, Puppies, Solitary Confinement, and

Surrounded by Elephants. For SCR amplitude, a similar pattern was found, with stronger responses

when interaction in the scenes was enabled, most prominently in Jetty at Lake and Surrounded by Ele-

phants. These observations suggest that interaction elicited more frequent and stronger sympathetic

responses.
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FIGURE 3.12. Fixed-effects estimates for (A) SCR Count and (B) SCR Amplitude.

In summary, the physiological results show that interaction led to significantly higher HF HRV and lower

HR compared to the non-interactive scenes, while simultaneously eliciting consistent trends toward

more frequent and stronger SCRs. This suggests that interaction creates a composite physiological state,

characterized by overall relaxation interspersed with moments of high reactivity.

3.4.5 Topic Modeling

We further examined the emotion-elicitation process through participants’ qualitative descriptions col-

lected in semi-structured interviews. Because emotions are inherently subjective, this analysis comple-

ments our quantitative results by capturing how participants themselves articulated their affective states.

In particular, we focused on how these accounts differed between interactive and non-interactive scenes,

providing richer insights into the role of interaction in shaping emotional experiences.

When analyzing the interview data, we applied topic modeling [46, 82]. Transcripts were first pre-

processed by retaining nouns and adjectives related to emotional qualities, while stop words and low-

information terms (e.g., feeling, scene, little) were removed. All texts were lemmatized to normalize

word variations (e.g., plurals to singular). We then used Latent Dirichlet Allocation (LDA) [12] to ex-

tract three latent topics per scene, each represented by sets of co-occurring words that captured common
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themes in participants’ narratives [82]. For interpretation, we manually examined the five most repre-

sentative words for each topic and visualized overall word distributions with word clouds to illustrate

how interactive elements shaped emotional expressions across different scenes.

3.4.5.1 Topics: Tunnel

The Tunnel scene placed participants in a long corridor with dim yellowish lighting and occasional

pedestrians. In the non-interactive condition, it elicited mid valence (M = 5.17 ± 1.71, Med = 5.00),

mid arousal (M = 5.02 ± 2.05, Med = 6.00), and neutral dominance (M = 4.76 ± 2.08, Med = 5.00).

Through participants’ descriptions, as illustrated in Figure 3.13, we observed mixed emotions described

as “oppressive” (N = 3), “uncanny” (N = 2), “scary” (N = 2), “strange” (N = 2), and “frightening” (N =

2). LDA further highlighted themes of fear, oppression, and the unsettling presence of passersby. These

patterns were often associated with the tunnel’s confined structure, as one participant noted: “There

was an uncanny feeling, and the environment was dim, which made me feel a bit scared.” (P67). Others

emphasized the unsettling effect of pedestrians, for example: “The passersby made me feel a bit scared.”

(P55) and “It felt frightening, and the people seemed strange.” (P65).

In the interactive version, when participants were given a flashlight, the scene instead elicited mid va-

lence (M = 5.14 ± 1.79, Med = 5.00), lower arousal (M = 4.10 ± 2.06, Med = 4.00), and higher

dominance (M = 5.79 ± 2.19, Med = 6.00). Topic modeling revealed salient words such as “people” (N

= 6), “flashlight” (N = 4), “scared” (N = 4), and “creepy” (N = 2). Topic modeling (LDA) indicated that

while elements of eeriness remained, participants emphasized the flashlight as a source of agency and

reassurance, reducing uncertainty about people’s behavior. For instance, one participant stated: “The

confined space and low brightness of the colors made me concerned about people’s behavior. I wanted

to leave. Using the flashlight to see clearly showed that people were just walking normally, and their

casual clothing reduced the sense of pressure.” (P9). Another participant explained: “The environment

was dark, and using the flashlight to light up the face made it less frightening.” (P17).

Overall, the Tunnel scene evoked unease through its narrow structure and the movement of pedestrians.

In the non-interactive condition, participants emphasized feelings of fear, strangeness, and lack of con-

trol. In contrast, in the interactive condition, participants reported that the flashlight afforded agency,

making the experience less threatening by reducing arousal and enhancing dominance.
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FIGURE 3.13. Word clouds of participants’ descriptions of six VR scenes (top: Non-
interactive, bottom: Interactive).

3.4.5.2 Topics: Puppies

The Puppies scene elicited emotions with high valence (M = 7.12 ± 1.25, Med = 7.00), low arousal (M

= 4.33 ± 2.02, Med = 5.00), and high dominance (M = 6.33 ± 1.48, Med = 7.00) in the non-interactive

condition. As illustrated in Figure 3.13, participants frequently described the experience as relaxing and

delightful, often using words such as “puppy” (N = 8), “warm” (N = 4), “room” (N = 3), and “happy” (N

= 3). LDA showed that these responses clustered around themes of familiarity, comfort, and calmness,

with puppies and the indoor setting reinforcing feelings of safety and warmth: “The puppies made me

happy, and the indoor environment felt very familiar and everyday” (P67).

When interaction was enabled, participants could pet and play with the dogs, which heightened their

affective engagement. Under this condition, the scene was rated with even higher valence (M = 7.95 ±

1.17, Med = 8.00), slightly greater arousal (M = 4.83 ± 2.62, Med = 5.00), and higher dominance (M

= 7.62 ± 1.43, Med = 8.00). Topic modeling highlighted terms such as “puppy” (N = 16), “ball” (N =

12), “dog“ (N = 8), “happy” (N = 8), and “cute” (N = 6). LDA indicated themes of joy, playfulness,

and comfort, emphasizing how active interaction with the puppies created both excitement and warmth.

Participants highlighted the enjoyment of immersive engagement: “I enjoyed that when I threw the ball,

the dogs brought it back.” (P7). Others emphasized warmth and comfort: “Playing with the ball to

tease the dog was very fun. The puppies were cute, and the tactile sensation felt nice.” (P35). This

emphasis on active interaction with the puppies also aligns with the observations in Section 3.4.2, where

participants spent longer time in interactive scenes, suggesting that direct interaction with the puppies

contributed to both longer engagement in the scene and stronger affective responses.

While both conditions elicited highly positive emotions, the interactive version strengthened these re-

sponses by introducing playfulness and tactile engagement, leading to greater immersion, joy, and a

stronger sense of control.
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3.4.5.3 Topics: Jetty at Lake

The Jetty at Lake scene elicited emotions with high valence (M = 6.86 ± 1.42, Med = 7.00), low arousal

(M = 4.33 ± 2.41, Med = 4.00), and high dominance (M = 6.67 ± 1.88, Med = 7.00) in the non-

interactive condition. Participants frequently associated the scene with calmness and serenity, using

terms such as “peaceful” (N = 6), “calm” (N = 4), and “sound” (N = 3). LDA confirmed these im-

pressions, highlighting themes of calmness, restorative nature, and quietness, with occasional mentions

of loneliness or ordinariness. Several participants pointed to the natural setting as restorative: “It felt

peaceful and close to nature.” (P55); “The sound of water made me feel increasingly calm.” (P52).

In the interactive version, participants could throw paper airplanes and stones into the lake, which altered

the quality of the experience. Under this condition, valence increased (M = 7.48 ± 1.35, Med = 8.00),

arousal slightly decreased (M = 4.07 ± 2.42, Med = 4.00), and dominance was rated higher (M = 7.26

± 1.65, Med = 7.50). As we observed in Figure 3.13, participants frequently mentioned “paper airplane”

(N = 9), “stone” (N = 7), “peaceful” (N = 7), “calm” (N = 8), and “relaxed” (N = 4). LDA suggested that

while the themes of peace and nature remained central, the addition of interactive elements introduced

feelings of fun, relaxation, and control. Participants described them as enjoyable and soothing: “It

felt open, comfortable, and interesting. The paper airplane and throwing stones made me feel calm”

(P6); “The paper airplane and stones helped me release stress, and the ripples from throwing them felt

peaceful” (P9).

Across conditions, participants consistently associated the Jetty at Lake with relaxation. The interactive

features deepened this effect by combining the natural scenery with simple actions, making the expe-

rience tranquil and engaging. The addition of paper airplanes and stones thus reinforced the calming

qualities of the scene while enhancing participants’ sense of involvement and control.

3.4.5.4 Topics: Solitary Confinement

The Solitary Confinement scene elicited emotions with low valence (M = 3.74 ± 1.89, Med = 4.00),

mid arousal (M = 5.17 ± 2.12, Med = 5.00), and low dominance (M = 3.69 ± 1.98, Med = 3.50) in

the non-interactive condition. Participants frequently mentioned “oppressive” (N = 6), “sound” (N =

4), “space” (N = 3), “small” (N = 3), and “dripping water” (N = 3). LDA revealed themes of small

space, disturbing sounds, and the prison setting. Participants often described the space as narrow and

uncomfortable: “It felt oppressive, and the room was small.” (P53). Others pointed to the audio design
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as particularly disturbing: “The dripping water sound was loud and annoying, making me feel anxious.”

(P79).

In the interactive condition, where participants could interact with the cup, book, and door, the scene

elicited slightly higher valence (M = 4.52 ± 2.02, Med = 5.00), similar arousal (M = 5.10 ± 2.09, Med

= 5.00), and higher dominance (M = 4.86 ± 2.53, Med = 5.00). Frequently mentioned words included

“space” (N = 13), “small” (N = 11), “sound” (N = 10), “dripping water” (N = 5), and “oppressive” (N

= 3). LDA indicated that although participants still described the space as confined and unpleasant, the

possibility of interacting with the environment introduced a sense of relief or playfulness. For example,

one participant noted: “It felt restrictive, the space was very small, and the dripping water sound made

me feel tense and worried.” (P36). Others highlighted playful aspects of interaction: “Throwing things

at the door and hearing the sound felt provocative and satisfying.” (P7).

Overall, while both conditions emphasized the oppressive qualities of the space and the disturbing sound-

scape, the interactive version allowed participants to vent their feelings and exert some control, making

the experience slightly less negative.

3.4.5.5 Topics: Shouting Man with Gun

The Shouting Man with Gun scene in non-interactive condition aimed to elicit emotions with low valence

(M = 4.33 ± 1.86, Med = 5.00), high arousal (M = 6.81 ± 1.61, Med = 7.00), and low dominance (M

= 4.12 ± 1.98, Med = 4.00). Frequently mentioned words included “man” (N = 14), “sudden” (N =

14), “shout” (N = 13), “frightening” (N = 6), and “gun” (N = 4). LDA emphasized themes of sudden

appearance, shouting, and danger, which reinforced feelings of fear and surprise. Participants described

the scene as startling and frightening: “The man and his sudden shout were frightening” (P63); “The

view outside the window was calm, but the sudden entrance of the man was frightening” (P72).

In the interactive condition, ratings with higher valence (M = 4.93 ± 2.15, Med = 5.00), identical arousal

(M = 6.83 ± 2.14, Med = 7.50), and higher dominance (M = 4.50 ± 2.44, Med = 4.00). Participants

frequently mentioned “shield” (N = 15), “man” (N = 13), “safety” (N = 8), “sudden” (N = 5), and “gun”

(N = 4). LDA indicated that, while the man’s sudden entrance and shouting continued to evoke fear,

the shield was perceived as protection that reduced helplessness. As one participant explained: “In the

enclosed space, the man shouted, and his face and the way he pointed the gun at me made me feel

scared. The shield, in contrast, gave me a sense of safety and immersion” (P12). Another described:
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“The sudden event was unexpected and very frightening, but the shield gave me a slight sense of safety”

(P33).

In summary, the Shouting Man with Gun scene elicited high-arousal, negative valence, dominated by

fear and surprise. While both conditions produced similar responses, the interactive shield introduced a

partial sense of safety, restoring a degree of agency.

3.4.5.6 Topics: Surrounded by Elephants

In the non-interactive condition, the Surrounded by Elephants scene was rated with high valence (M =

6.90 ± 1.76, Med = 7.00), high arousal (M = 5.76 ± 2.21, Med = 6.00), and mid dominance (M = 5.81

± 2.30, Med = 6.00). Participants frequently mentioned “elephant” (N = 15), “scared” (N = 6), “large”

(N = 4), “grassland” (N = 3), and “comfortable” (N = 2). LDA identified themes of openness, realism,

and fear. One participant highlighted the vast natural setting: “The overall scene had an open view that

matched my expectations.” (P51). Others described mixed feelings: “It felt realistic, and it seemed like

the elephant was going to attack me. I felt scared, fearful, and tense.” (P57).

With interaction, ratings remained highly positive, with higher valence (M = 7.07 ± 1.44, Med = 7.00),

slightly lower arousal (M = 5.71 ± 2.43, Med = 6.50), and higher dominance (M = 6.48 ± 2.03, Med

= 7.00). Participants often mentioned “elephant” (N = 17), “grassland” (N = 8), “banana” (N = 4),

“large” (N = 4), and “relaxed” (N = 3). LDA revealed themes of awe and nervousness, but also noted

how feeding and touching the elephants provided moments of relief and enjoyment. As one participant

observed: “The huge elephants created a slight sense of pressure and made me feel a bit nervous. The

banana feeding interaction gave me a sense of awareness and made my mood feel calmer.” (P9). P17

echoed this mix of fear and enjoyment: “The elephants were a bit scary because they were so big, but

watching them eat bananas made me feel a bit more relaxed.”

To summarize, the Surrounded by Elephants scene elicited high-valence and high-arousal, with par-

ticipants describing relaxation alongside moments of fear. According to our results, in the interactive

condition, feeding and touching the elephants were often described as calming and enjoyable, relieving

tension and fostering fun and involvement.
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3.4.5.7 Overview of topic modeling

In summary, across all six scenes, the virtual environments effectively elicited the intended emotions,

and our interactions with them further shaped participants’ responses. In the non-interactive condition,

participants emphasized environmental atmosphere and passive reception, often reflecting a lack of con-

trol. In contrast, the interactive condition foregrounded agency and engagement. In negative scenes

(e.g., Solitary Confinement and Shouting Man with Gun), our interaction designs provided avenues for

coping and relief, whereas in positive or neutral scenes (e.g., Puppies and Jetty at Lake), they enhanced

enjoyment and immersion. Overall, these results show that our interaction with the scenes did not sim-

ply intensify emotions but modulated them in context, highlighting the effectiveness of scene-tailored

interaction in creating rich emotional experiences in VR.



CHAPTER 4

An LLM-Assisted Toolkit for Inspectable Multimodal Emotion Data

Annotation

FIGURE 4.1. Toolkit interface for multimodal emotion data inspection and annotation.

Building on the interactive VR study in Chapter 3, this chapter turns to the inspection and annotation of

the multimodal emotion data generated during these VR experiences. The previous study [58] collected

self-reports, facial expression videos, first-person scene videos, body motion, and physiological signals

using VR headsets and wearable sensors. These signals are related to emotional experience, but they

are heterogeneous, asynchronous, and distributed across different temporal scales, making annotation

laborious, expensive, and time-consuming. Prior work suggests that LLMs can support data inspection

and candidate annotation while preserving human verification and analyst control [52, 41, 122]. To

address this challenge, this chapter introduces an LLM-assisted toolkit for aligned visualization, event-

level evidence retrieval, and inspectable multimodal emotion annotation.
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4.1 Proposed Approach

We present an LLM-assisted toolkit that operationalizes a three stage data handling workflow for mul-

timodal emotion data annotation. The toolkit transforms heterogeneous recordings into inspectable,

event-centered outputs that support visual inspection of signal changes, emotion-related event detection

and keyframe retrieval, and evidence-grounded annotations. It supports data modalities including but

not limited to video streams and structured time-series signals.

We demonstrate the toolkit on our multimodal VR emotion recordings from 84 participants across six

emotion elicitation scenes, including avatar-based facial expression video, first-person view video, struc-

tured body motion, blood volume pulse (BVP), heart rate (HR), electrodermal activity (EDA), and in-

ertial measurement unit (IMU) signals. As shown in Figure 4.1, the interface provides synchronized

multimodal tracks, event timelines, and annotation views for event-centered inspection and labeling.

4.1.1 Preprocess and visualization

In the first stage, the toolkit performs preprocessing and unified visualization. The goal is to make

heterogeneous modalities jointly inspectable on a shared timeline so that analysts can efficiently observe

signal changes and localize potential events. We first standardize each modality with consistent session

metadata, including participant identifiers, VR scene identifiers, sampling rates, and timestamps. For

structured signals, we render each stream into a video track, so that time series can be inspected with the

same interaction paradigm as videos. This enables time locked playback and side by side comparison

across different modality tracks in a single interface.

We then synchronize all tracks to a unified time axis and persist the alignment as an index, which

supports navigation, zooming, and reproducible retrieval of any time window across modalities. The

resulting UI organizes sessions by participant and VR scene, providing an overview for rapid scanning

and detailed views for inspecting fine grained temporal patterns behavioral and physiological signal

peaks. This stage outputs aligned visual tracks and a session level index that serve as the basis for event

mining and subsequent annotation.
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4.1.2 Event detection and retrieval

In the second stage, the toolkit detects signal change events and retrieves the corresponding keyframes

and time windows across modalities. For facial expression videos, we perform Action Units (AUs) [28]

peak detection using OpenFace [5], and treat each peak as a candidate event. For body motion signals, we

compute motion energy measures to identify motion events [96]. For physiological signals, we extract

peak and trend change windows to capture candidate events. All candidates are aligned to the unified

time axis and aggregated into an event layer in the UI, enabling analysts to jump to events, compare

cross-modal context, and refine event boundaries. We render this layer as an interactive event timeline,

where clicking an event marker seeks to its timestamp and shows the aligned frames across modalities.

Analysts can verify, edit, or discard candidate events in the UI. The toolkit then packages each event

with traceable pointers to the original data, including keyframes and time windows for all modalities.

4.1.3 LLM annotations

In the third stage, the toolkit supports LLM-assisted emotional annotation for extracted events. The goal

of this stage is to convert each event window into standardized annotations and evidence summaries

that can be used for emotion related event detection and for constructing training data for downstream

emotion recognition models.

We designed a set of modality specific preprocessing tools and prompt templates to guide the LLM to

produce a structured annotation with consistent fields. We employ GPT-5.2 as the backend LLM to lever-

age its multimodal reasoning capabilities. For facial expression, we map peak AU frames to short textual

descriptions [19]. For body motion, the LLM generates annotations that describe the skeleton sequence

within the event window using concise posture and movement cues [80]. For physiological signals, the

LLM summarizes the window using trend and peak descriptors, including rising or falling segments,

local extrema, and duration [70]. For the first person view stream, the LLM captures contextual infor-

mation such as activities and environment cues that support interpretation of the event. Finally, the LLM

refines the annotations by aggregating unimodal descriptions into a detailed multimodal description for

each event [19], which is added to the event packet as an additional emotional descriptor.

Analysts review the generated annotation in the UI, jump to the referenced time ranges for verification,

and edit or discard incorrect fields. Finalized annotations are then exported as structured records for

downstream use.
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MoE-MER: A Mixture-of-Experts LLM Framework for Multimodal

Emotion Recognition in Virtual Reality
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FIGURE 5.1. Overall architecture of MoE-MER, which consists of a universal vision
feature extraction module, a MoE module and an LLM. MoE-MER can perform three
different emotion tasks including emotion classification, question answering and visual
question answering

Building on the multimodal data annotation workflow introduced in Chapter 4, this chapter moves from

data inspection and annotation to multimodal emotion recognition. The previous chapter focused on

organizing heterogeneous VR emotion data into aligned and inspectable event-level evidence. How-

ever, a further challenge is how such heterogeneous evidence can be used for emotion recognition while

supporting human-understandable explanations. To address this challenge, this chapter proposes an

LLM-based Mixture-of-Experts framework for multimodal emotion recognition, which integrates vi-

sual, physiological, and contextual cues for prediction and explanation.
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5.1 Methodology

With the primary goal of achieving a unified multimodal emotion recognition model and mitigating

task interference in multi-task learning, we design the overall architecture of MoE-MER as illustrated in

Figure 5.1. It contains three components: a universal vision feature extraction module, a modality-aware

MoE module, and an LLM. Detailed descriptions are presented in the following sections.

5.1.1 Visual feature extraction module

MoE-MER processes heterogeneous modalities through a unified visual pathway. For each sample, the

input may consist of a single image or a set of images converted from different modalities, such as facial

expression representations, body motion visualizations, and physiological waveform plots. A shared

visual encoder is applied to each image to produce a sequence of visual tokens that capture informative

local patterns and global context in a common embedding space.

When the input contains multiple images, or when a single image is high-resolution, the visual encoder

can produce a long token sequence, which increases the computational cost in both training and infer-

ence. To improve efficiency, we apply a lightweight token aggregation step after the visual encoder to

compress the visual tokens into a compact sequence with a controlled length. Concretely, we merge

local groups of adjacent tokens within each image and project them into aggregated tokens, producing

a shorter representation that preserves key visual evidence. The resulting aggregated tokens provide a

compact visual context for the downstream MoE module and the LLM, while retaining modality source

information for subsequent modality-aware processing.

5.1.2 MoE module

After visual feature extraction, MoE-MER uses a modality-aware MoE module to adapt representa-

tions from different modalities before they are fed into the LLM. Although heterogeneous signals are

converted into visual inputs, their characteristics still differ across modalities, including facial images,

skeleton motion plots, and physiological waveform charts. If a single shared projection is used for all

modalities, modality-specific cues can be weakened, and negative transfer may occur because modalities

follow different data statistics. We therefore introduce modality experts that perform modality-specific

transformations while keeping a unified interface for downstream generation.
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The MoE module contains multiple projection experts and a lightweight router. Each expert maps visual

tokens from one modality, or from a small set of closely related modalities, into the embedding space

used by the LLM. For modality-aware routing, each input image and its tokens are paired with an

explicit modality tag attached to the token sequence. Conditioned on the aggregated visual tokens and

the modality tag, the router outputs mixture weights over experts. The projected visual representation is

then computed as a weighted combination of expert outputs, allowing tokens from different modalities

to be transformed by different experts.

Finally, the projected tokens from all modalities are merged into a shared visual context and provided to

the LLM together with the textual instruction. This design supports unified generation across emotion

classification, question answering, and visual question answering.

5.1.3 Large language model

The MoE module focuses on modality differences, while the task is specified by the language instruction.

MoE-MER uses an LLM as a unified interface for multi-task outputs. The LLM receives a shared visual

context derived from multiple modalities and a text instruction that specifies what to predict. The visual

context is formed by merging the projected tokens produced by the MoE module across all available

modalities in the sample. This design allows the LLM to attend to facial, motion, and physiological

signals within a single sequence, while keeping the downstream reasoning and generation in one model.

To support different tasks, we rely on an instruction-driven prompting format. The instruction explicitly

indicates the task type and expected output, such as predicting an emotion label for emotion classifi-

cation, answering a textual question for question answering, or answering a question grounded in the

provided visual evidence for visual question answering. In addition, a short task tag is prepended to the

instruction to standardize the input format across tasks. Importantly, this task specification is handled at

the language level and does not change the modality-aware routing in the MoE module.

Given the visual context and instruction tokens, the LLM generates the response autoregressively. To

adapt the base LLM to our domain and prompting format efficiently, we use low-rank adaptation (LoRA)

for fine-tuning. LoRA is applied to the main linear projections of the transformer, enabling parameter-

efficient training while keeping most pretrained weights fixed.



CHAPTER 6

Discussion

Next, we answer our research questions, position our work in existing work, and lay out its implications

and limitations.

6.1 RQ1: Does the added scene Surrounded by Elephants reliably and

effectively elicit High Arousal and High Valence emotions?

We extended the emotion elicitation dataset [46] by adding a new VR scene, Surrounded by Elephants,

filling the gap in the HAHV quadrant. We validated this new VR scene through a user study, following

the approach by Jiang et al. [46]. Our findings reveal that compared to 360◦ video, the VR scene

elicited emotions with significantly higher valence and dominance. The higher valence ratings may

suggest that participants experienced more positive emotions in the VR condition, consistent with prior

research on positive emotion elicitation, which shows that an enhanced sense of presence in VR can

strengthen affective responses [97]. The higher dominance ratings further indicate that participants

felt more engaged and were able to actively shape and control their experience through self-initiated

behaviors in the VR environment, aligning with studies linking presence and control in VR to greater

perceived dominance [102, 111]. In contrast, the difference in arousal was not significant, indicating

that we found no difference between the VR scene and the 360◦ video along this dimension.

Overall, our scene demonstrated that the Surrounded by Elephants VR scene can reliably and effectively

elicit HAHV emotions, due to its immersive nature, as participants were able to e.g., approach or observe

the elephants.
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6.2 RQ2: How does object-level interaction influence subjective and

physiological measures of emotional response compared to a

non-interactive baseline?

We further extended the emotion elicitation dataset [46] by adding interaction to the scenes. Our findings

demonstrate that, relative to the non-interactive baseline, object-level interaction did not exhibit a uni-

form main effect on self-reported valence, arousal, or dominance, with differences appearing primarily

as scene-dependent effects. However, the interaction patterns indicated that affective interaction design

consistently elevated Dominance in specific contexts by allowing participants to feel more in control of

the emotional experience rather than passively receiving it. This suggests that perceived control is one

mechanism through which object-level interaction shaped emotional experience, as interactive objects

gave participants concrete ways to act within and respond to the scene.

The interactive versions showed longer engagement time and broader spatial exploration, indicating

that participants were more willing to stay and explore when given interaction options. This extended

engagement provided more opportunities for emotional responses, reflected in higher valence and dom-

inance ratings, as well as in physiological patterns of higher HF HRV and lower HR.

Furthermore, our findings align with prior work and show that object-level interaction transforms pas-

sive experience into goal-directed exploration [21]. Interactive objects provide clear action goals and

feedback, prompting participants to actively perceive the virtual environment. Once participants know

that interactive objects exist in the scene, they are more willing to remain within the scene and explore

it. In low-valence or tense scenes, such as Tunnel, Solitary Confinement, and Shouting Man with Gun,

instrumental or defensive interaction offers ways to cope and regulate, reducing the tendency to exit

quickly due to discomfort. Similarly, in scenes with high valence, such as Puppies, Jetty at Lake, and

Surrounded by Elephants, interaction seems to sustain engagement and enjoyment, thereby extending

participation.

Similarly, our findings demonstrate that object-level interaction changes participants’ spatial exploration

patterns in virtual scenes. Compared with the non-interactive version, spatial engagement shifts from

simple surveying to goal-directed engagement with interactive objects. We observe that even when some

objects are not configured as interactive, participants still attempt to engage with them, concentrating

movement around potential interactive hotspots within a limited activity area. In the Puppies scene,
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because the positions of the ball and the puppies can be changed, participants show broader spatial

engagement with the environment. The playful and repeatable feedback from petting the puppies and

playing fetch with the ball further sustains this goal-directed engagement, helping explain the particu-

larly long engagement time in the interactive condition. This goal-directed engagement has been shown

to relate to emotional responses [33]: at the subjective level, it increases dominance, while the direction

of valence and arousal depends on the affective character of the scene [90]; at the physiological level,

it aligns with the overall pattern of higher HF HRV and lower HR [57], and increased SCR count and

amplitude [23]. Future work could extend this analysis by examining transient SCR fluctuations around

key interaction events to capture finer-grained dynamics of physiological arousal [13].

Overall, our findings suggest that interaction does not merely enhance emotional elicitation; by provid-

ing concrete goals, predictable feedback, and visible information, it reduces uncertainty and shapes the

emotional experience in a controllable, context-sensitive way, rather than relying on passive exposure

alone.

6.3 RQ3: What is the relationship between subjective self-reports and

physiological arousal in response to affective interactions in VR?

In the interactive condition, across all scenes, we observed changes in physiological arousal that reflect

two complementary dimensions. Higher HF HRV and lower HR indicate lower tonic arousal inten-

sity, pointing to reduced physiological arousal [3, 57], while higher SCR count and amplitude reflected

more frequent and stronger phasic activations, pointing to momentary sympathetic responses, e.g., HR

accelerations, SCR responses [23, 13]. These physiological patterns consistently accompanied higher

subjective valence and dominance, suggesting that participants felt more positive and in control, allow-

ing them to maintain overall physiological relaxation interspersed with moments of high reactivity to

interactive stimuli.

The relationship between subjective and physiological arousal showed dependence on the scene. For

example, in the LALV scene Tunnel, interaction reduced tension and uncertainty, leading to lower sub-

jective arousal consistent with greater predictability and control. In Solitary Confinement, interaction

introduced executable goals and immediate feedback, shifting experience from passive low activation

to object-directed engagement; subjective arousal and valence increased, while physiological measures
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indicated that this activation remained controllable rather than stressful. In the LAHV scenes, the ef-

fect depended on context: relaxation-oriented interaction reduced subjective arousal in Jetty at Lake,

whereas play-oriented interaction increased it in Puppies. For high-arousal scenes, Surrounded by Ele-

phants (HAHV) showed only a modest decrease in subjective arousal, while Shouting Man with Gun

(HALV) yielded increased arousal despite weaker increases in HF HRV, suggesting vigilance combined

with emerging control.

In summary, interaction was associated with a consistent increase in valence and dominance, while phys-

iological arousal showed a dual profile of tonic relaxation and phasic activation [3, 57, 23]. Subjective

arousal, in contrast, was more malleable, varying with scene context: decreasing in relaxation-oriented

scenarios and rising under threat or active engagement [78, 119, 81]. This partial dissociation between

subjective and physiological arousal aligns with broader evidence that self-reports are shaped by cogni-

tive appraisal of controllability and meaning [36], whereas physiological measures capture the temporal

dynamics of tonic versus phasic responses [4], which may not always be directly mapped onto subjective

experience [87, 86].

6.4 RQ4: How can an LLM-assisted toolkit support inspectable and

event-centered multimodal emotion data annotation?

We developed an LLM-assisted toolkit that bridges our multimodal emotion data collected from VR

experience and downstream MER modeling by operationalizing an inspectable, event-centered annota-

tion workflow. The toolkit first preprocesses and aligns heterogeneous modalities on a shared timeline,

rendering structured time-series signals as video tracks to support cross-modal consistency checks. It

then detects candidate signal-change events and packages each event into an event packet with traceable

pointers to aligned keyframes and time windows across modalities. Finally, an LLM generates struc-

tured, modality-specific annotations using tools and prompt templates, while analysts verify and edit the

outputs in the interface, enabling more scalable construction of training-ready annotations.
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6.5 RQ5: How can an LLM-based MoE framework improve multimodal

fusion and provide human-understandable explanations for MER?

We designed MoE-MER as an LLM-based MoE framework to support multimodal fusion and unified

multi-task outputs for MER. MoE-MER processes heterogeneous modalities through a unified visual

pathway: each modality is converted into a single image or a set of images, a shared visual encoder

extracts visual tokens, and a lightweight token aggregation step compresses long token sequences for

efficient training and inference. It then uses a modality-aware MoE module, where projection experts

transform modality-tagged tokens into the LLM embedding space and a router produces mixture weights

conditioned on the aggregated tokens and modality tags, aiming to preserve modality-specific cues and

mitigate negative transfer while keeping a unified interface. Finally, the LLM takes the merged projected

tokens as a shared visual context together with an instruction that specifies the task (i.e., emotion clas-

sification, question answering, and visual question answering), enabling consistent outputs in a human-

readable form. Since we currently present a method design, our contribution here is the framework

and its intended mechanisms for modality-adaptive fusion and instruction-driven, explanation-oriented

outputs.

6.6 Positioning within Existing Literature

Compared to previous studies using the original 360◦ videos [65, 108] and VR scenes [46], our find-

ings were broadly consistent with prior work but revealed some systematic deviations. As shown in

Figure 3.5, LALV and HALV scenes elicited higher valence at comparable arousal levels, while HAHV

and LAHV scenes elicited higher arousal at comparable valence. These deviations may be explained by

methodological factors. Jiang et al. [46] conducted their study with Prolific participants completing VR

experiences in different environments, where experimental control is limited, and variability can under-

mine consistency [93]. By contrast, our controlled laboratory setting ensured standardized equipment

and procedures, conditions shown to enhance immersion and presence in VR [25, 112]. To summarize,

our findings align with prior work [46], but reveal systematic deviations in emotional responses, likely

driven by the enhanced experimental control and immersion afforded by the laboratory setting compared

to less controlled environments.
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6.7 Implications for Research and Design

Our findings suggest that interaction in VR should be reconsidered not only as a method for eliciting

emotions but also as a medium for modulating them. Specifically, we observed that interaction am-

plified positive affect in playful contexts, e.g., Puppies and Surrounded by Elephants, while reducing

perceived threat and enhancing dominance in stressful scenes, e.g., Tunnel or Solitary Confinement.

This indicates that the agency has the potential to function as a mechanism for emotional regulation in

VR, reinforcing that immersive systems can shape coping and affective trajectories rather than simply

intensifying responses [103, 76]. To facilitate such research, our validated dataset serves as a base for

the HCI community to investigate how different object-level interactions influence emotional experi-

ences in VR. Beyond the dataset, our findings offer a theoretical foundation for mental health research,

specifically supporting a shift from passive exposure to active coping paradigms where affective inter-

action fosters a sense of control and safety [9, 114]. Consequently, future work should extend beyond

the valence–arousal model and develop measures that capture coping, relief, and sustained immersion.

Such perspectives would position VR not only as an affective stimulus, but as a research tool for un-

derstanding and supporting emotion regulation across domains such as mental health [85], training [53],

and education [84].

For design practice, our results highlight the importance of tailoring both scene content and interaction

to the intended affective experience. Designing a new affective VR scene should not only involve se-

lecting content that matches a target affective quadrant, but also considering how the scene produces

that emotion in a safe and coherent way. Specifically, visual elements, auditory cues, object affordances,

and interaction feedback jointly shape the emotional meaning of the scene. For example, in Surrounded

by Elephants, the open natural environment supported a positive emotional meaning, while the ele-

phants’ trumpeting sounds, proximity, scale, and movement contributed to arousal; feeding or touching

the elephants made this encounter actionable through interaction. These elements should fit users’ un-

derstanding of the situation and be calibrated to avoid distress or cybersickness. Interaction should also

follow the emotional role of the scene and support the intended affective experience. In threatening con-

texts, giving users agency to act (e.g., controlling light in a dark tunnel) may alleviate distress and restore

balance, while in positive contexts, playful or exploratory actions can heighten enjoyment and sustain

engagement. These insights can be extended to diverse application areas. In VR game design, devel-

opers can adaptively adjust game difficulty or mechanics based on players’ emotional state, providing

empowering tools when anxiety is too high, or playful interactive objects when engagement drops [31].
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In social VR, designing object-level interaction can provide shared focus and foster group collaboration

and connection [107]. In VR learning, playful interaction designs can promote active engagement and

boost the sense of dominance, thereby enhancing learning outcomes [107]. However, effective design

requires careful calibration. Prior studies on emotion elicitation in VR caution that poorly calibrated

interaction risks overstimulation or heightened anxiety [103], a concern our results corroborate. Thus,

effective interaction design in VR requires balancing environmental atmosphere with user agency, en-

suring that interaction supports adaptive regulation and meaningful emotional experiences.

6.8 Limitations and Future Work

Our thesis has several limitations that should be considered when interpreting the findings across the full

workflow. First, our interaction study focused on object-level interactions; more complex forms, such as

social interaction or dynamic environmental feedback, were not within our scope. Some implemented

actions may also resemble game mechanics, which could influence how users attribute and regulate

their emotional responses across groups. In addition, the study measured short-term responses to each

VR scene and did not examine whether the increased engagement and exploration observed in interac-

tive scenes would persist after repeated exposure. Second, our measures relied on self-report (SAM)

and basic physiological signals (EDA and BVP). While useful, these indicators are indirect and subject

to substantial individual variability, limiting fine-grained interpretations of the regulation processes we

observed. In addition, although our toolkit operationalizes an inspectable, event-centered workflow for

alignment, candidate event retrieval, and LLM generation with analyst verification, we have not yet eval-

uated its impact on inspection efficiency and annotation outcomes against standard practices. Finally,

we present MoE-MER as a method design for modality-aware fusion and unified multi-task outputs,

but it does not yet include experimental results; therefore, this thesis does not claim improvements in

recognition performance or explanation quality.

Future work can extend this thesis along several lines. For interaction research, we will broaden both the

forms of interaction and the methods of assessment, and examine whether interaction effects on engage-

ment, dominance, and emotional response persist across repeated sessions. Recent surveys highlight that

multimodal affect recognition, integrating physiology with facial expressions, voice, and eye-tracking,

provides a richer picture of emotional dynamics than single-modality approaches [1]. Similarly, re-

searchers argue that affective touch and embodied sensing are key to advancing emotion research in im-

mersive contexts [141]. These perspectives point beyond the valence–arousal–dominance model toward
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frameworks that capture coping, relief, and sustained engagement. Incorporating multimodal elicita-

tion, including haptic feedback, may therefore enable more embodied emotional experiences in VR and

deeper insights into how interaction might shape emotion elicitation and emotion regulation. For the

toolkit, we will conduct a user study with domain experts to compare inspection efficiency and anno-

tation outcomes against standard practices, and validate the workflow on additional datasets with more

modalities and adaptable annotation schemas. For modeling, we will complete a systematic evaluation

of MoE-MER to determine its effectiveness for multimodal fusion and unified instruction-driven out-

puts using our dataset. We will also assess whether generated outputs remain grounded in multimodal

evidence by analysing routing patterns and verifying responses under modality corruption or removal.



CHAPTER 7

Conclusion

This thesis investigated how object-level interaction in VR modulates emotion elicitation, and how

LLMs can support inspectable annotation and multimodal emotion recognition using multimodal emo-

tional data collected during VR. To address gaps in both affective coverage and interaction design, we

extended an existing VR emotion elicitation dataset by adding a new High-Arousal High-Valence scene,

Surrounded by Elephants, and by implementing interactive and non-interactive versions of each scene

to isolate the effect of object-level interaction under controlled conditions. Across studies, we combined

self-reported affect with physiological sensing to capture both post-hoc appraisal and time-varying auto-

nomic responses, showing that interaction shapes emotional experience in a context-sensitive way rather

than producing uniform changes.

To support downstream analysis and modeling, we developed an LLM-assisted, event-centered toolkit

that aligns heterogeneous recordings, retrieves candidate events as traceable event packets, and drafts

structured annotations under human verification and editing. Building on these event-level outputs,

we proposed MoE-MER as an LLM-based MoE framework designed for modality-adaptive fusion and

instruction-driven outputs, with the goal of producing emotion predictions and human-understandable,

evidence-linked responses. Together, these contributions form a systematic pipeline from controlled in-

teractive VR emotion elicitation to inspectable annotation and LLM-based multimodal emotion recog-

nition.
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Appendix A

A.1 Supplementary Tables

TABLE A.1. Demographic details and VR experience of participants in the Interactive
and Non-Interactive conditions.

INTERACTION Gender Age VR Exp.

M F M SD Never Daily Weekly Monthly

Non-Interactive 21 21 23.79 3.21 13 7 10 12
Interactive 21 21 24.31 2.87 11 7 11 13

TABLE A.2. Mean and Median SAM ratings for the Surrounded by Elephants VR
scene.

Condition Valence Arousal Dominance

M Med M Med M Med

Previous Study [65] 5.94 NR 5.56 NR NR NR
360◦ Video 5.42 5.50 5.67 6.00 5.08 4.50
VR Scene 6.71 7.00 5.54 6.00 6.29 7.00
NR = Not reported in the previous study.
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TABLE A.3. Fixed-effects estimates from linear mixed-effects models for high-
frequency HRV (HF) and heart rate (HR). Each outcome was modelled as Outcome
∼ Condition * Scene + (1|Participant). Values are reported as Estimate (SE) with 95%
CI.

Parameter HF HR

Estimate SE 95% CI Estimate SE 95% CI

Intercept 9.29*** 0.12 [9.06, 9.52] 77.67*** 1.99 [73.74, 81.59]
Interactive 0.69*** 0.17 [0.36, 1.02] -9.25** 2.82 [-14.80, -3.70]
Puppies 0.31* 0.12 [0.06, 0.55] -1.55 1.93 [-5.36, 2.25]
Jetty at Lake 0.13 0.13 [-0.12, 0.38] 3.55 1.99 [-0.37, 7.47]
Solitary Confinement 0.44*** 0.13 [0.19, 0.69] -0.32 1.96 [-4.18, 3.54]
Shouting Man with Gun 0.30* 0.13 [0.05, 0.55] 0.09 1.98 [-3.79, 3.98]
Surrounded by Elephants -0.01 0.13 [-0.26, 0.23] 1.74 1.96 [-2.11, 5.59]
Interactive × Puppies -0.22 0.18 [-0.56, 0.13] 1.46 2.75 [-3.94, 6.86]
Interactive × Jetty at Lake -0.04 0.18 [-0.39, 0.31] -2.74 2.79 [-8.22, 2.74]
Interactive × Solitary Confinement -0.34 0.18 [-0.69, 0.01] -0.39 2.78 [-5.84, 5.07]
Interactive × Shouting Man with Gun -0.49** 0.18 [-0.84, -0.14] 3.87 2.79 [-1.60, 9.35]
Interactive × Surrounded by Elephants -0.24 0.18 [-0.58, 0.11] 2.71 2.75 [-2.70, 8.12]

Notes. Stars denote significance: * p < .05, ** p < .01, *** p < .001.

TABLE A.4. Fixed-effects estimates from linear mixed-effects models for SCR Count
and SCR amplitude. Each outcome was modelled as Outcome ∼ Condition * Scene +
(1|Participant). Values are reported as Estimate (SE) with 95% CI.

Parameter SCR Count SCR Amplitude

Estimate SE 95% CI Estimate SE 95% CI

Intercept 16.67*** 2.69 [11.35, 21.98] 347.31* 136.68 [77.05, 617.57]
Interactive 5.50 3.81 [-2.01, 13.01] 188.73 193.29 [-193.48, 570.93]
Puppies 0.67 2.58 [-4.40, 5.74] 113.03 102.73 [-88.92, 314.98]
Jetty at Lake 0.98 2.58 [-4.10, 6.05] 4.39 102.73 [-197.56, 206.34]
Solitary Confinement -2.60 2.58 [-7.67, 2.48] 184.08 102.73 [-17.87, 386.03]
Shouting Man with Gun 0.28 2.64 [-4.90, 5.47] 187.77 105.04 [-18.73, 394.27]
Surrounded by Elephants 0.50 2.58 [-4.57, 5.57] -3.87 102.73 [-205.82, 198.08]
Interactive × Puppies 0.77 3.66 [-6.43, 7.96] 1.02 145.82 [-285.65, 287.68]
Interactive × Jetty at Lake -4.74 3.65 [-11.91, 2.43] 233.83 145.28 [-51.77, 519.43]
Interactive × Solitary Confinement 6.37 3.66 [-0.83, 13.57] -141.12 145.82 [-427.78, 145.55]
Interactive × Shouting Man with Gun -1.57 3.72 [-8.88, 5.73] -47.73 147.99 [-338.65, 243.19]
Interactive × Surrounded by Elephants 4.79 3.65 [-2.39, 11.96] 61.25 145.28 [-224.35, 346.85]

Notes. Stars denote significance: * p < .05, ** p < .01, *** p < .001.



A.2 QUESTIONNAIRE AND INTERVIEW 64

A.2 Questionnaire and Interview

A.2.1 Questionnaire

• What is your gender identity?

□ Woman □ Man □ Non-binary/gender diverse □ My gender identity is not listed

• What is your current age (in years)?

• How often do you use VR headsets?

□ Never □ Daily □ Weekly □ Monthly

A.2.2 Interview

• How would you rate your overall experience with the VR scenes?

(Not enjoyable at all) 0 1 2 3 4 5 (Neutral) 6 7 8 9 10 (Extremely enjoyable)

• Did you experience any discomfort or dizziness during or after the VR experience?

• Which VR scene did you find the most emotionally impactful?

□ Tunnel □ Puppies □ Jetty at Lake

□ Solitary Confinement □ Shouting Man with Gun □ Surrounded by Elephants

• Why do you think that scene is the most emotionally impactful?

• Which VR scene did you find the least emotionally impactful?

□ Tunnel □ Puppies □ Jetty at Lake

□ Solitary Confinement □ Shouting Man with Gun □ Surrounded by Elephants

• Why do you think that scene is not as emotionally impactful as other scenes?
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A.2.3 Self-Assessment Manikin (SAM)

Rate your level of Pleasure:

Unhappy Happy

Rate your level of Arousal:

Rate your level of Dominance:

Calm Excited

Controlled In control

FIGURE A.1. The self-assessment manikin (SAM) questionnaire.

A.3 Interactive Objects

Flashlight Puppies and tennis ball Paper airplane and stones

Book, metal cup and door Metal riot shield Banana and elephants

FIGURE A.2. Interactive objects with yellow outlines in the six VR scenes.
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