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Investigating the Use of Physiological and Behavioral Signals to Facil-
itate Empathic Human-AI Interaction for Daily Stress Management

Poorvesh Dongre

(ABSTRACT)

This dissertation explores the design and evaluation of Empathic Large Language Models

(EmLLMs) for general mental health support. EmLLMs use physiological and behavioral

signals to infer users’ mental states (affective and cognitive) and accordingly generate em-

pathic messages as adaptive interventions. Three core research goals guided this work:

(1) systematically reviewing state-of-the-art methods for stress and affect recognition with

physiological signals and for designing physiologically adaptive systems, (2) developing and

evaluating physiology-driven EmLLM prototypes that integrate stress detection with LLM-

based dialogue for stress intervention, and (3) evaluating the performance and stability of

multimodal LLMs using behavioral signals for emotion recognition and supportive message

generation. Findings from the systematic review highlight that physiological signals provide

valuable insights into stress and affect, and that systems with physiology-driven adaptation

are effective at improving both user experiences and mental health interventions. Autoethno-

graphic and pilot studies with graduate students on different prototypes of physiology-driven

EmLLMs demonstrate promise for daily stress management, and expert evaluations provide

further insights into refining the design of physiology-driven EmLLMs for real-world and

clinical use. Performance and stability evaluations of multimodal LLMs show that multi-

modal behavioral inputs, including voice and facial features, enhance emotion recognition

and reasoning. However, model behavior varies across modalities, underscoring the need for



robust evaluation, customization strategies, and protective safeguards for mental health ap-

plications. Overall, this dissertation offers a systematic review, empirical insights, and design

guidelines for developing empathic, engaging, and effective digital mental health systems.



Investigating the Use of Physiological and Behavioral Signals to Facil-
itate Empathic Human-AI Interaction for Daily Stress Management

Poorvesh Dongre

(GENERAL AUDIENCE ABSTRACT)

Managing stress and emotional well-being is a growing challenge, especially for students

and working adults. This dissertation explores how new forms of Artificial Intelligence (AI)

can better understand people’s emotions and support their mental health. These systems

go beyond traditional digital mental health tools by using physiological signals (e.g., heart

rate or skin conductance) and behavioral cues (e.g., voice or facial expressions) to estimate

when someone may be stressed or overwhelmed and to respond with supportive, personalized

messages. This work has three main parts. First, it reviews current scientific methods for

detecting stress and emotion using physiological data and examines how technology can

adapt to users’ emotional states. Second, it introduces and tests several prototypes that

combine physiological sensing with LLM chatbots to help graduate students reflect on and

manage daily stress. Third, it evaluates how well the latest multimodal AI models can

process behavioral cues to detect emotions and generate empathic responses for mental health

support. Across studies, this research shows that physiological and behavioral signals can

meaningfully reveal emotional patterns and that AI systems that incorporate these signals

can improve user experience and emotional support. However, it also finds that AI behavior

can vary across input types, underscoring the importance of careful testing, customization,

and safety protections when these systems are used for mental health applications. Overall,

this research provides new insights, tools, and design guidelines for creating AI systems that



are not only intelligent but also sensitive, supportive, and safe to use in everyday mental

health contexts.



Dedication

Dedicated to Dr. B. R. Ambedkar

vi



Acknowledgments

This work would not have been possible without the guidance and support of my advisor,

Dr. Denis Gracanin, and my committee members. Their guidance have been instrumental in

achieving my research goals. I want to extend my loving gratitude to my family and friends

for their unwavering support throughout my academic journey. I would like to express my

sincere thanks to Dr. Mark Billinghurst, Dr. Kunal Gupta, Dr. Santosh Kumar, Dr. Sameer

Neupane, Dr. Shiwali Mohan, and Dr. Christian Webb for research collaborations. Finally,

I thank all my lab members at the Distributed Virtual Environments (DVE) Lab, several

faculty and staff at Virginia Tech for their support.

vii



Contents

List of Figures xiv

List of Tables xvi

1 Introduction 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.1.1 Human Physiology and Physiological Sensing . . . . . . . . . . . . . 3

1.1.2 Stress and Affect Recognition using Physiological Signals . . . . . . . 4

1.1.3 Impact of Stress and Affect on Mental Health . . . . . . . . . . . . . 7

1.1.4 Digital Mental Health Tools . . . . . . . . . . . . . . . . . . . . . . . 7

1.1.5 Physiological Computing . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.2 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.2.1 Stress among Graduate Students . . . . . . . . . . . . . . . . . . . . 10

1.2.2 Availability and Accessibility of Mental Health Services in Universities 12

1.2.3 Limitations of Digital Mental Health Tools . . . . . . . . . . . . . . . 12

1.3 Proposed Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.4 Research Question, Goals, and Tasks . . . . . . . . . . . . . . . . . . . . . . 15

2 Review of Literature 19

viii



2.1 Systematic Review Methodology . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2 Psycho-physiological Inference of Stress and Affect . . . . . . . . . . . . . . 25

2.2.1 Dataset Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.2.2 Modeling Description . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.3 System Adaptation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

2.3.1 Medium . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

2.3.2 Application . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

2.3.3 Psycho-Physiological States . . . . . . . . . . . . . . . . . . . . . . . 59

2.3.4 Adaptation Technique . . . . . . . . . . . . . . . . . . . . . . . . . . 61

2.3.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

2.4.1 Guidelines for Designing Systems with Biocybernetic Adaptation . . 67

2.4.2 Critical Components . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

2.4.3 Emerging Areas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

3 Wearables meets LLMs for Stress Management 80

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.2.1 Duoethnography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

ix



3.2.2 Wearable App for Stressor Monitoring . . . . . . . . . . . . . . . . . 82

3.2.3 Custom LLM Chatbots for Stress Intervention . . . . . . . . . . . . . 83

3.2.4 Data Collection and Analysis . . . . . . . . . . . . . . . . . . . . . . 84

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3.3.1 Stress Detected and the Need for Interventions . . . . . . . . . . . . 87

3.3.2 User Experience with the Integrated Systems . . . . . . . . . . . . . 89

3.4 Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

3.4.1 Opportunities in Integrating Wearables and LLMs for Stress Manage-

ment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

3.4.2 Challenges in Integrating Wearables and LLMs for Stress Management 93

3.5 Study Limitation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

3.6 Conclusion and Future Works . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4 Physiology-Driven Empathic LLMs for Stress Management 96

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.2 The Physiology-driven EmLLM Framework . . . . . . . . . . . . . . . . . . 98

4.3 Prototype Development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

4.4 Pilot Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.4.1 Study Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

4.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.5.1 High Stress among Graduate Students . . . . . . . . . . . . . . . . . 101

x



4.5.2 Performance of Stress Detection Model . . . . . . . . . . . . . . . . . 102

4.5.3 User Experience with the Integrated System . . . . . . . . . . . . . . 103

4.5.4 Quality and Effectiveness of Stress Intervention . . . . . . . . . . . . 104

4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.6.1 Model Design Trade-offs in Psychophysiological Inference . . . . . . . 107

4.6.2 Challenges in Real-World Deployment of the Integrated System . . . 108

4.7 Conclusion, Limitations, and Future Works . . . . . . . . . . . . . . . . . . . 109

5 EmBot: A Mobile App Integrating Wearables and LLMs for Stress Man-

agement 111

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

5.2 System Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.2.1 Design Considerations . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.2.2 System Implementation . . . . . . . . . . . . . . . . . . . . . . . . . 115

5.3 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

5.3.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.3.2 Participants . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.3.3 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

5.4 Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

5.4.1 Gaps in Traditional Practice . . . . . . . . . . . . . . . . . . . . . . . 120

5.4.2 Limitations with Wearables and LLMs . . . . . . . . . . . . . . . . . 121

xi



5.4.3 Opportunities for Wearable-LLM Systems . . . . . . . . . . . . . . . 123

5.4.4 Improving EmBot . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

5.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

5.5.1 Design Space for Wearable-LLM Integration . . . . . . . . . . . . . . 128

5.5.2 Design Implications for Wearable-LLM Systems . . . . . . . . . . . . 130

5.5.3 Evaluating the Hybrid Wearable-LLM System . . . . . . . . . . . . . 132

5.6 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . 133

5.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

6 Evaluating the Affective Performance and Stability of Multimodal LLMs136

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

6.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

6.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

6.3.1 Affective Tasks and Perturbation Design . . . . . . . . . . . . . . . . 141

6.3.2 PCS Evaluation Strategy . . . . . . . . . . . . . . . . . . . . . . . . 142

6.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

6.4.1 Predictability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

6.4.2 Computability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

6.4.3 Stability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

6.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

xii



6.5.1 Predictability vs Stability . . . . . . . . . . . . . . . . . . . . . . . . 155

6.5.2 Modality and Prompt Sensitivity . . . . . . . . . . . . . . . . . . . . 156

6.5.3 Implications on Mental Health . . . . . . . . . . . . . . . . . . . . . 157

6.5.4 Towards Multimodal Empathic LLMs (MEmLLMs) . . . . . . . . . . 158

6.5.5 Limitations and Future Directions . . . . . . . . . . . . . . . . . . . 158

6.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

7 Broader Scope of Empathic Human-AI Interaction 160

8 Conclusion 165

9 Appendix 167

9.1 Prompt Design Templates and Sample Conversations for Chapter 3 . . . . . 167

9.1.1 Design Templates of custom GPT . . . . . . . . . . . . . . . . . . . . 167

9.1.2 An Illustration of Generic vs Targeted Prompts for DeStressify . . . 169

9.2 Prompt Design Templates and Sample Conversations for Chapter 6 . . . . . 172

9.2.1 Design Template of the Prompts . . . . . . . . . . . . . . . . . . . . 172

9.2.2 An Illustration of Outputs by Multimodal LLMs . . . . . . . . . . . 176

Bibliography 177

xiii



List of Figures

2.1 Systematic Review Flowchart . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Research Focus Areas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.3 Physiological Signal Frequency Barchart . . . . . . . . . . . . . . . . . . . . 33

2.4 Radar Chart of Physiological Signal Combination . . . . . . . . . . . . . . . 34

2.5 Machine Learning and Deep Learning Models Developed for Stress and Affect

Recognition using Physiological Signals in the Reviewed Papers . . . . . . . 49

2.6 Sankey diagrams of stress and affect recognition: (a) input physiological sig-

nals to affective states; (b) affective states to classification schemes. . . . . . 53

2.6 Sankey diagrams (continued). . . . . . . . . . . . . . . . . . . . . . . . . . . 54

2.7 Physiological feedback spectrum based on user involvement and computa-

tional complexity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

3.1 CuesHub app screenshots for recording valence and descriptions for events

detected by the smartwatch app . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.2 Frequency of stress events and interventions per day and valence distribution

of events detected by the CuesHub app . . . . . . . . . . . . . . . . . . . . . 85

4.1 Proposed Empathic Large Language Model (EmLLM) Approach . . . . . . . 97

4.2 Average Distress, Engagement, and Worry States of all Participants at the

beginning of workday (Pre) and end of workday (Post) . . . . . . . . . . . . 102

xiv



4.3 Mean Godspeed Questionnaire ratings (1-5 scale) for user perceptions of the

chatbot across five constructs. . . . . . . . . . . . . . . . . . . . . . . . . . . 105

4.4 Mean SRS ratings (1-5 scale) for participants’ perceptions of the chatbot’s

intervention quality and effectiveness across five constructs. . . . . . . . . . 106

5.1 Interaction Stages in EmBot: Detection, Feedback, Support, and Reflection. 116

6.1 Model Performance and Ground Truth (GT) for Qwen2.5-o . . . . . . . . . . 145

6.2 Model Performance and Ground Truth (GT) for Phi4-m . . . . . . . . . . . 146

6.3 Model Performance and Ground Truth (GT) for MiniCPM-o-2.6 . . . . . . . 147

7.1 Conceptual framework for Empathic LLMs, highlighting the broader impact

across various users, scenarios, devices, AI’s capabilities, and user experiences 161

xv



List of Tables

2.1 Datasets Used for Stress and Affect Recognition . . . . . . . . . . . . . . . . 27

2.2 Stimuli Used to Evoke Stress and Emotions . . . . . . . . . . . . . . . . . . 29

2.3 Physiological Data Collection Devices . . . . . . . . . . . . . . . . . . . . . . 31

2.4 Data Labeling Approaches . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.5 Short caption (optional) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.6 Some short caption . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.7 Summary of Papers with System Adaptation based on the Medium, Applica-

tion, Psycho-physiological states, and Adaptation technique (MAPA) Frame-

work by Munoz et al. [172] . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.1 Comparison of SSSQ-based and Model-based Stress Classification . . . . . . 103

5.1 Expert role and expertise. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

6.1 Accuracy comparison across models for each modality–prompt combination.

Bold indicates the highest accuracy in each row (best model). Italics indicate

the best metric for each model across conditions. . . . . . . . . . . . . . . . 148

6.2 Cochran’s Q test p-values for accuracy differences across prompts and modal-

ities. Significant effects (p < .05) are in bold with significance levels (* p <

.05, ** p < .01, *** p < .001). . . . . . . . . . . . . . . . . . . . . . . . . . . 149

xvi



6.3 Reasoning quality (LLM-as-judge scores) across models for each modality–

prompt combination. Bold indicates the highest accuracy in each row (best

model). Italics indicate the best metric for each model across conditions. . . 150

6.4 Empathic message quality (LLM-as-judge scores) across models for each modality–

prompt combination. Bold indicates the highest accuracy in each row (best

model). Italics indicate the best metric for each model across conditions. . . 151

6.5 Accuracy stability comparison across models. For each row, the highest value

(best model) is in bold. For each column, the highest value (best metric for

that model) is italicized. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152

6.6 Accuracy perturbation interval (10–90%) comparison across models. For each

row, the narrowest interval (best model) is in bold. For each column, the

narrowest interval (best metric for that model) is italicized. . . . . . . . . . . 153

6.7 Reasoning stability across models. Bold indicates the highest value in each

row (best model). Italics indicate the best metric for each column. . . . . . . 154

6.8 Perturbation intervals (10–90%) for reasoning stability across models. Bold

indicates the narrowest interval in each row (best model). Italics indicate the

best interval (narrowest) for each model across all conditions. . . . . . . . . 155

6.9 Empathic message stability across models. Bold indicates the highest value in

each row (best model). Italics indicate the best metric for each model across

all conditions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

6.10 Perturbation intervals (10–90%) for empathic message stability across models.

Bold indicates the narrowest interval in each row (best model). Italics indicate

the best interval (narrowest) for each model across all conditions. . . . . . . 157

xvii



List of Abbreviations

BCA Biocybernetic Adaptation

DL Deep Learning

ECG Electrocardiogram

EDA Electrodermal Activity

EMG Electromyography

HBI Human-Building Interaction

HCI Human-Computer Interaction

LLMs Large Language Models

ML Machine Learning

MLLM Multimodal LLM

PhyComp Physiological Computing

PPG Photoplethysmography

RESP Respiration Rate

ST Skin Temperature

xviii



Chapter 1

Introduction

Human psychological states significantly impact their mental and physical health. Psycho-

logical states refer to affective and cognitive states that influence how people perceive, think,

and feel. Affective states involve emotions and moods, while cognitive states encompass

mental processes such as attention, memory, and workload. Negative affective states such

as stress and anxiety can lead to adverse health outcomes, including cardiovascular diseases,

immune system dysfunction, and mental health disorders [12]. Negative cognitive states,

characterized by high mental workload, can impair cognitive functions such as attention,

memory, and decision-making, potentially leading to mental fatigue [146].

Human psychological states also impact human interaction with computers and other auto-

mated systems. Users experiencing negative affective states, such as anger and frustration,

when interacting with a system may stop using it [25]. Systems that exacerbate mental

workload can overwhelm users, decreasing efficiency and increasing the likelihood of mis-

takes or accidents [153]. Therefore, monitoring human psychological states can also improve

human interaction with computers and other automated systems.

A range of methods have been employed to assess psychological states. Traditional tech-

niques, such as standardized questionnaires, Ecological Momentary Assessments (EMA),

and structured interviews, rely on individuals to consciously reflect on and report their af-

fective and cognitive states. While these traditional techniques are valuable for capturing

subjective experiences, they are often limited by recall bias, social desirability effects, and

1



2 CHAPTER 1. INTRODUCTION

low temporal resolution.

Physiological and behavioral approaches offer complementary perspectives for inferring af-

fective or cognitive states by analyzing body signals such as Photoplethysmography (PPG),

Electrodermal Activity (EDA), and Skin Temperature (ST), and behavioral cues, such as

facial expressions, vocal prosody, speech patterns, eye gaze, posture, and gestures. Physio-

logical sensing involves measuring and analyzing human body signals that serve as objective

indicators of the body’s internal states. They may function as outcomes, markers, or even

correlates of psychological states, depending on the context and the strength of their rela-

tionship [28]. Physiological signals are increasingly used to support both digital health and

effective interaction with computers and automated systems [23]. In digital health, continu-

ous monitoring of users’ physiological signals enables the detection of clinical conditions and

the delivery of timely, personalized interventions [199]. In Human-Computer Interaction

(HCI), physiological signals are primarily used to evaluate user experience, but they are also

used to develop physiologically adaptive systems [70, 127].

This dissertation explores the use of physiological sensing not only to monitor and intervene

in users’ daily stress levels but also to enhance the user experience of digital mental health

tools to support daily stress management. Stress is a widespread and persistent challenge

in modern life. Digital mental health tools, including wearables that collect physiological

signals to monitor stress and mental health, as well as chatbots that provide stress inter-

ventions, have shown promise in managing daily stress. However, these tools face several

challenges related to user personalization and engagement, leading to high user drop-off rates

and, ultimately, low clinical impact. To address these gaps, this research integrates physi-

ological sensing and Large Language Model (LLM) chatbots to create a physiology-driven

system for stress management that (i) monitors and infers user stress using physiological

signals and (ii) provides empathic interactions with an LLM chatbot. We also investigate
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the use of behavioral cues, including textual, vocal, and facial features, to facilitate empathic

interactions.

1.1 Background

This section provides essential background on related topics, including the fundamentals of

human physiology and physiological sensing; stress and affect recognition using physiological

signals; the impact of stress and affective states on mental health; an overview of digital

mental health tools; and a brief introduction to physiological computing systems.

1.1.1 Human Physiology and Physiological Sensing

Human physiology is the scientific study of the human body’s functions, including the me-

chanical, physical, biochemical, and bioelectric processes. It focuses on how the body’s

systems, including the nervous, cardiovascular, respiratory, gastrointestinal, and muscu-

loskeletal systems, interact with one another to respond to various stimuli and maintain

homeostasis. The functioning of these systems can be objectively measured using physiolog-

ical signals.

The nervous system plays a central role in coordinating the body’s systems. It is categorized

into the Central Nervous System (CNS), which includes the brain and spinal cord, and the

Peripheral Nervous System (PNS), which connects the CNS to the rest of the body. A key

component of the PNS is the Autonomic Nervous System (ANS), which regulates involuntary

body functions, including Heart Rate (HR), Respiration Rate (RR), and digestion. The

ANS is further categorized into two key components: the sympathetic and parasympathetic

nervous systems. The sympathetic nervous system prepares the body for stressful situations
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by constricting blood vessels and increasing HR and RR. The parasympathetic nervous

system promotes relaxation and energy conservation by relaxing the muscles and reducing

HR and RR.

Physiological signals that capture involuntary PNS responses and provide insight into ANS

function are typically referred to as peripheral physiological signals. These signals comprise

measures of the heart, including PPG and Electrocardiogram (ECG); measures of the skin,

including EDA and ST; and measures of the muscle, including Electromyogram (EMG).

In contrast, physiological signals of the CNS focus on capturing neural activity and brain

function. These include the Electroencephalogram (EEG), which measures brain electrical

activity; Functional Magnetic Resonance Imaging (fMRI), which tracks changes in cerebral

blood oxygenation; and Functional Near-Infrared Spectroscopy (fNIRS), which monitors

cerebral blood flow. The measurement of physiological signals, both peripheral and neural,

for inferring an individual’s physical and psychological state is referred to as physiological

sensing [23, 42, 70, 71, 73].

1.1.2 Stress and Affect Recognition using Physiological Signals

Stress is the body’s natural response to any internal or external event that disrupts homeosta-

sis and can be categorized in several ways. Based on frequency, stress can be categorized as

acute (a short-term response to immediate pressures), episodic acute (repeated acute stress

episodes), and chronic (long-term, persistent stress that can significantly harm mental and

physical health). Based on sentiment, stress can be categorized as eustress and distress.

Eustress is positive stress associated with motivation and excitement, whereas distress is

negative stress associated with unpleasant experiences. Stress can also be categorized by ori-

gin: psychological stress arises from emotional or cognitive strain; physical stress stems from
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bodily demands or environmental factors; and psycho-physiological stress refers to the body’s

integrated psychological and physiological response to perceived challenges or threats. In

this research, we focus on distress and psycho-physiological stress; therefore, any subsequent

references to “stress” should be understood as referring to these two forms.

Affect is a broad term encompassing emotional states, moods, and other subjective feelings.

It refers to the external expression of internal experiences and is often measured along dimen-

sions such as valence and arousal [208]. Valence refers to the pleasantness or unpleasantness

of an experience, ranging from negative to positive. Arousal refers to the intensity or activa-

tion level of an experience, ranging from calm to excited. Stress and affect are closely related

but distinct constructs. Both involve experiences that can trigger psycho-physiological re-

sponses. However, stress results from perceived threats and challenges and is associated with

negative valence and high arousal. Whereas affective states can arise spontaneously and en-

compass a broader range of experiences, with varying levels of valence and arousal [208]. In

essence, all stress is a form of affect, but not all affect constitutes stress.

Recent research has made significant strides in stress and affect recognition by leveraging

various modalities, including facial expressions, speech, text, and their multimodal combi-

nations using Machine Learning (ML) and Deep Learning (DL) techniques. For instance,

Mollahosseini et al. [170] used Convolutional Neural Networks (CNNs) to extract complex

features from facial expressions to classify discrete emotions and valence and arousal lev-

els. Eyben et al. [69] extracted prosodic features from speech, including pitch, jitter, and

shimmer, and applied ML and DL methods to classify discrete affective states. Tzirakis

et al. [233] combined audio-visual inputs, using CNNs to process visual data and Recurrent

Neural Networks (RNNs) for audio signals, to estimate valence and arousal. Poria et al. [196]

used CNNs and RNNs to model both spatial and sequential patterns in conversational lan-

guage for text-based emotion recognition. A limitation of using these modalities for stress
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and affect recognition is that users can intentionally mask or exaggerate their expressions,

thereby reducing the reliability of the inferences.

A key advantage of physiological signals is their close connection to the ANS, making them

difficult to control or manipulate consciously. This characteristic enhances their reliability

in stress and affect recognition, particularly in situations where individuals are unwilling

or unable to express themselves overtly. However, the relationship and causality between

physiological signals and psychological states, including stress and affect, have long been

debated in the existing literature. Cacioppo et al. [28] and Bradley and Lang [24] emphasized

that physiological responses can be meaningfully associated with psychological states, but

only under carefully controlled experimental conditions. Kreibig et al. [134] cautioned that

even under such conditions, the correlations between physiological changes and psychological

states are not always consistent.

Early works on stress and affect recognition using physiological signals were foundational but

had significant limitations. For instance, studies by Picard et al. [193] and Haag et al. [99]

used physiological signals from only one subject, limiting the generalizability of their find-

ings. However, with advances in physiological sensing technologies, several publicly available

datasets now include data from multiple participants exposed to diverse experimental or real-

world conditions. For example, the Dataset for Emotion Analysis using Physiological signals

(DEAP) [131] integrated EEG signals with other physiological signals of 32 participants to

create a multimodal database for affect recognition. The Wearable Stress and Affect Detec-

tion (WESAD) dataset [212] was collected from 8 participants exposed to diverse stimuli and

captures multimodal physiological signals. The Mobile Open Observation of Daily Stressors

(MOODS) dataset [108] collected physiological signals from 122 participants in naturalis-

tic, everyday environments. These datasets have enabled researchers to develop models for

recognizing stress and affect, achieving increasingly robust and accurate performance.
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1.1.3 Impact of Stress and Affect on Mental Health

Stress and affect play a critical role in shaping human psychology and behavior, thereby

profoundly influencing mental health. As discussed, eustress is a form of positive stress that

can enhance motivation and excitement. Similarly, positive affective states, such as joy,

gratitude, and contentment, are strongly associated with psychological resilience and serve

as protective factors against the development of mental health disorders [82, 83]. Positive

stress and affective states not only help in maintaining good mental health but also promote

physical health [198].

In contrast, chronic stress and sustained experiences of negative affective states, such as

sadness, fear, and anxiety, are closely linked to adverse mental health outcomes. For instance,

chronic stress has been shown to elevate cortisol levels and impair emotional regulation

mechanisms [155]. It can also narrow cognitive focus, hinder problem-solving abilities, and

increase vulnerability to negative thought patterns [144]. Chronic sadness may evolve into

depressive symptoms [125], while persistent fear and anxiety can lead to hyper-vigilance

and an overactive stress response [195]. Therefore, continuous monitoring and effective

management of stress and affective states are essential for supporting and maintaining mental

health.

1.1.4 Digital Mental Health Tools

Digital mental health tools encompass a wide range of solutions, including wearables (mobile

apps paired with wearables and standalone wearable apps) and mental health chatbots de-

signed to support mental health and well-being. Wearables have gained prominence because

they passively and continuously collect user data, primarily physiological signals, to infer
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users’ stress and affect and provide just-in-time interventions. During the past two decades,

the scientific community has made significant advances in using wearables for stress and

affect detection [91, 108, 183, 242]. Wearable data has been leveraged to create innovative

visualizations for self-reflection [129, 130, 209, 223, 247] and delivered real-time interven-

tions [19, 109]. There are also wearable apps that provide biofeedback, helping users engage

in relaxation or mindfulness practices and improve emotional regulation [76].

Mental health chatbots provide support through human-like, natural-language conversa-

tions. The origins of mental health chatbots can be traced back to ELIZA, one of the

earliest programs developed to simulate human conversation through pattern matching and

scripted responses [240]. Since then, a range of rule-based and semi-automated chatbots

have emerged, offering psychoeducation, coping strategies, and therapeutic dialogue. For

instance, Woebot is a fully automated chatbot based on cognitive behavioral therapy (CBT)

principles [78]. Wysa supports mental health through empathy-focused conversations [111].

Recent studies have observed a notable shift from traditional rule-based systems to natural

language processing (NLP)-powered ML mental health chatbots. They enable more dynamic,

responsive interactions by adapting their responses based on user input, emotional tone, and

conversational context [1]. This transition has been further accelerated by the development of

LLMs, which demonstrate remarkable capabilities in understanding and generating human-

like language. LLM-powered mental health chatbots engage in more nuanced, empathic, and

contextually aware conversations [104].

1.1.5 Physiological Computing

Technological systems that incorporate users’ physiological signals into their functionality to

improve user experience are called Physiological Computing (PhyComp) systems [73]. Such
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systems leverage users’ physiological signals to create an alternate communication channel

and facilitate bi-directional interactions between the user and the system, making them more

intuitive and responsive [71]. PhyComp systems can be broadly categorized into interface

control-type systems and systems with biocybernetic adaptation [74].

In interface control-type systems, users’ physiological signals are directly translated into

meaningful commands, enabling them to control an external device. An example of such

systems is Brain-Computer Interfaces (BCIs), in which the brain’s electrocortical activity is

translated into a sequence of commands that control the interface. The operationalization

of interface control-type systems depends on user intentionality, meaning the user intends

to achieve a specific selection or outcome. These systems offer hands-free interaction, which

is particularly beneficial for individuals with mobility impairments or for enhancing accessi-

bility in complex environments.

In systems with biocybernetic adaptation, users’ physiological signals are continuously mon-

itored to infer their psychological states, and the system dynamically adjusts its behavior

to enhance user engagement, performance, or well-being. Examples of such systems in-

clude emotion-adaptive games that adjust the game difficulty to increase engagement [251]

and stress-adaptive training platforms that adjust the task difficulty to improve perfor-

mance [221]. Biocybernetic adaptations are a derivative of biofeedback, which provides

real-time feedback on physiological signals to users, enabling them to regulate their phys-

iology consciously. The unique feature that distinguishes these systems from biofeedback

and interface-control systems is that physiological signals drive system adaptations without

requiring the user’s intentional input.
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1.2 Motivation

The motivation for this research stems from existing challenges in receiving professional

mental health services and limitations of wearables and mental health chatbots in providing

mental health support. This section elaborates on these challenges, laying the groundwork for

our motivation to develop the proposed physiology-driven system for daily stress management

among graduate students.

1.2.1 Stress among Graduate Students

As discussed, stress is a state of emotional or mental burden caused by adverse or demanding

circumstances. While eustress can enhance focus, motivation, and performance, chronic

distress poses serious risks to both mental and physical health. High levels of distress have

become a pervasive and persistent issue, particularly among graduate students who often

face high academic expectations, financial insecurity, uncertain career prospects, and a lack

of work-life balance. Several studies have highlighted the growing concern about stress and

mental health among graduate students. For instance, a global survey conducted in 2019

found that 36% of Ph.D. students sought help for anxiety or depression related to their

academic work [175]. Moreover, a systematic review and meta-analysis of studies published

through 2019 revealed that 24% of Ph.D. students reported clinically significant symptoms

of depression, while 17% exhibited symptoms of anxiety [210].

Stress among Graduate Students at Virginia Tech

Further evidence of stress among graduate students at Virginia Tech is provided by a study

conducted as part of this research, which was initially aimed at validating a conceptual frame-
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work for Human-Building Interaction (HBI) [205]. The framework uses sensor technologies to

enhance occupant experience and well-being. It involves (1) identifying the building type and

its primary occupants, (2) evaluating occupants’ needs, (3) using sensor systems to monitor

aspects of occupants’ needs, (4) analyzing the sensor data to make meaningful inferences, and

(5) making necessary adjustments in the building environment to address occupant needs.

The main components of the framework include (1) sensor systems, (2) processing systems,

and (3) adaptive systems. The sensor systems monitor occupants and their environment, the

processing system uses various inference models to infer occupant states and environmental

conditions, and the adaptive systems adjust the environment based on these inferred states

and conditions.

To validate the conceptual framework, focus groups and semi-structured interviews were

conducted with 19 participants, 12 undergraduate and 7 graduate students, who regularly

spent more than 10 hours per week in a smart academic building at Virginia Tech. All

participants were asked semi-structured questions to assess their needs, concerns, and expe-

riences within the building. All sessions were audio-recorded and transcribed verbatim for

analysis. The qualitative data were analyzed using a combination of inductive and deduc-

tive coding approaches. The deductive codes were derived from constructs in existing HBI

theories and frameworks [8]. The thematic analysis revealed five key themes: navigation,

learning, comfort, stress management, and safety.

Among these, “stress management” emerged as a prominent concern for graduate students.

They highlighted spending a significant amount of time in the academic building and sought

some form of stress intervention to manage their everyday stress. Despite these concerns,

students often struggle to seek mental health support due to the limited availability and

accessibility of mental health services.
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1.2.2 Availability and Accessibility of Mental Health Services in

Universities

In the U.S., most universities maintain on-campus counseling centers staffed by licensed

mental health professionals. These centers provide individual counseling, crisis intervention,

group therapy, and preventive wellness programming. However, demand for mental health

services in universities is increasing, with several prominent universities falling short of rec-

ommended benchmarks [85]. This shortage translates into longer wait times, exacerbating

the situation for many students already experiencing mental health concerns [245]. It also

raises concerns about the continuity and effectiveness of treatment.

Although the overall percent usage of mental health services available for students has in-

creased, disparities persist across race, gender, and socioeconomic groups. Underrepresented

minority and international students remain less likely to use campus services despite compa-

rable or higher levels of distress [245]. This is due to fear of harming their careers, financial

insecurity, and limited time [232]. The situation in developing countries such as India and

South Africa is far more difficult, with many universities lacking dedicated counseling cen-

ters [114]. Moreover, the stigma associated with mental health issues in such countries

further suppresses students from seeking help.

1.2.3 Limitations of Digital Mental Health Tools

Digital mental health tools offer a promising solution by addressing affordability and ac-

cessibility challenges for graduate students. As discussed, these tools encompass a wide

range of technological solutions, including wearables and mental health chatbots. Wearables

can monitor users’ stress and provide just-in-time interventions. Mental health chatbots can
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provide support through human-like, natural-language conversations. Despite their promise,

digital mental health tools face several limitations.

Limitations of Wearables

Wearables have limitations in detecting stress in individual users. Approaches to inferring

stress from wearable data, primarily physiological signals, involve preprocessing the sig-

nals, extracting relevant features, and applying machine learning models to the extracted

features to map them to stress labels [70]. Physiological signals are sparse and noisy, re-

quiring preprocessing to impute missing values and remove artifacts. Feature extraction is

another challenge, as the physiological signals require carefully designed features to capture

stress-related patterns [212]. Signal variability across users due to individual differences in

psychophysiological reactivity and lifestyle further complicates stress detection [112, 228].

Moreover, the use of static labels oversimplifies stress as a categorical construct.

Wearables for stress monitoring and intervention also have limitations related to user ex-

perience. Many wearables provide limited user interaction, offering redundant or generic

feedback that does not adapt to the user’s context or changing needs. Such feedback can

reduce perceived usefulness and lead to disengagement over time [52]. In addition, repeated

notifications may contribute to intervention fatigue, where users become desensitized to

alerts or abandon the app altogether [174]. The lack of personalization in both monitoring

and intervention delivery limits the user experience and long-term engagement [163]. Lastly,

without transparent explanations of stress inferences or meaningful interaction mechanisms,

users may develop mistrust in the system’s accuracy and stop using it [228].
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Limitation of Mental Health Chatbots

Mental health support chatbots are promising tools for stress intervention as they can pro-

vide accessible, nonjudgmental, and cost-effective assistance. However, the drop-off rates

among mental health chatbots are high. A key limitation is the lack of therapeutic alliance,

as many users find conversations with chatbots shallow, impersonal, and lacking genuine

empathy [4]. Limited personalization further undermines effectiveness, with many systems

delivering generic or repetitive responses that do not adapt to individual stress profiles, con-

textual factors, or user preferences [2, 109, 231]. Narrow interaction modalities also constrain

user engagement, as most chatbots rely solely on text-based input and output. Moreover, the

absence of dynamic engagement features, such as interactive prompts, longitudinal tracking,

and context-aware reminders, reduces motivation for continued use, leaving the responsibility

of maintaining the interaction entirely on the user [22].

1.3 Proposed Approach

Our approach integrates wearables and mental health chatbots to design and develop a

system that addresses the key limitations of each. By leveraging chatbots, the system over-

comes the limitations of wearables by transforming psychophysiological inferences into per-

sonalized and empathic feedback, reducing redundant notifications, mitigating intervention

fatigue, and fostering sustained user engagement through adaptive dialogue. By leveraging

wearables, the system overcomes the limitations of mental health chatbots by providing an

additional modality to objectively and continuously infer users’ stressful states, enabling the

chatbot to move beyond shallow, text-only interactions toward more empathic, adaptive,

and personalized conversations. To summarize, we propose a system that continuously in-
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fers user stress from wearables and integrates these inferences into chatbot interactions to

improve user experience and promote effective stress management.

This research also examines the application of predictive and generative AI, specifically Deep

Learning (DL) and Large Language Models (LLMs), in developing the integrated system.

DL techniques can overcome the limitation of stress inference from physiological signals

by learning robust representations directly from raw or minimally processed data, reducing

the reliance on hand-crafted features. They enable the development of personalized models

that account for inter-individual variability in physiology, lifestyle, and stress reactivity. In

addition, self-supervised and multitask learning approaches enable DL models to leverage

large-scale unlabeled data and to jointly learn related affective states, thereby improving

generalization across users and contexts.

LLMs, on the other hand, show greater promise for enhancing user engagement than tradi-

tional rule-based chatbots [104]. Unlike earlier systems that often deliver scripted or generic

responses, LLM chatbots use advanced NLP techniques to infer user intent and emotional

state, enabling more contextually appropriate interactions. They can sustain human-like

conversations, with the ability to “listen” and respond in a manner that feels empathic and

supportive. Moreover, LLMs adapt dynamically by remembering past conversations, ad-

justing the tone, style, or complexity of responses, and tailoring support over time to the

individual’s evolving needs. These capabilities make LLM chatbots more engaging, more

responsive to user context, and better equipped to build trust and rapport.

1.4 Research Question, Goals, and Tasks

Based on the discussion so far, the overarching research question can be framed as:
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How can physiological and behavioral signals be integrated with LLMs to design systems that

improve user experience and intervention effectiveness in daily stress management?

This broad research question can be further categorized into the following research goals and

tasks, which address both the user-centered and technical limitations discussed.

Research Goal 1 (RG1): Conduct a systematic literature review to understand

the latest trends in using physiological signals for stress and affect recognition,

and designing systems with physiology-driven/biocybernetic adaptation.

This research goal can be further categorized into the following tasks:

Task 1: Psycho-physiological Stress and Affect Recognition- Systematically review the lat-

est research on using physiological signals for stress and affect recognition to identify

commonly used signals, pre-processing steps, feature extraction methods, modeling

approaches, and validation strategies.

Task 2: Design of Biocybernetic Adaptations- Systematically review the existing systems with

physiology-driven/biocybernetic adaptation to identify their applications, design fea-

tures, including adaptation medium and mechanism, and evaluation procedures.

Task 3: Deriving Design Guidelines- Synthesize findings from Tasks 1 and 2 to derive design

guidelines that inform the design and development (RG2) of a physiology-driven system

for daily stress management.

Research Goal 2 (RG2): Design, implement, and evaluate digital mental health

systems that integrate physiological signals with LLMs to monitor user stress

and intervene by adapting their behavior based on the stress level.

This research goal can be further categorized into the following tasks:
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Task 4: Integrate and Evaluate Existing Tools- Manually integrate an off-the-shelf wearable

for stress monitoring and LLMs chatbots for stress intervention to establish a baseline

integrated system. Evaluate its user experience and effectiveness to inform the design

of a purpose-built system.

Task 5: Design and Develop an Integrated System- Design and develop an integrated sys-

tem that integrates physiological signals from wearables with LLM chatbots for daily

stress management. This task can be further categorized into the following subtasks.

Subtask 1: System Architecture Design- Design the system architecture, including a

physiological signal acquisition pipeline, stress recognition models, LLM-based

dialogue management, adaptation mechanisms, and user interface.

Subtask 2: Model Development and Personalization- Develop stress detection models

from physiological data and implement personalization strategies to account for

inter-individual variability in stress responses.

Task 6: Technical and Usability Evaluation- Conduct user studies to evaluate the technical

and user-centered aspects of the integrated system. This task can be further catego-

rized into the following subtasks.

Subtask 3: Pilot Study with Graduate Students- Conduct a preliminary evaluation with

graduate students to evaluate the system’s stress recognition accuracy, mental

health support, and user experience in a real-world setting.

Subtask 4: Design Evaluation with Mental Health Experts- Conduct user studies with

mental health experts to assess the design functionality and limitations of the

integrated system.

Research Goal 3 (RG3): Investigate the complementary role of multimodal data
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(audio, visual, text) in enhancing affect recognition and adaptive interventions

within integrated AI systems for mental health support.

This research goal can be further categorized into the following tasks:

Task 7: Multimodal Affect Recognition- Evaluate the performance and stability of multi-

modal LLMs for affect recognition, reasoning, and empathic message generation from

combinations of audio, visual, and text data.



Chapter 2

Review of Literature

In the last chapter, the concepts of physiological computing and biocybernetic adaptations

were briefly introduced. We also discussed in detail the motivation behind designing a digital

mental health system with physiology-driven adaptations for stress management.

This chapter reviews the two main components of systems with biocybernetic adaptation:

psycho-physiological inference and system adaptation. It systematically reviews the latest

literature on the use of physiological signals for stress and affect recognition by identifying

commonly used signals, preprocessing procedures, feature extraction methods, inference al-

gorithms, and validation techniques. This chapter also reviews the latest literature on the

design of systems with biocybernetic adaptation, identifying their design features, including

the adaptation medium and mechanisms. Lastly, the evaluation procedures of such systems

are examined, providing insights into the accuracy of psycho-physiological inference and the

effectiveness of system adaptation.

2.1 Systematic Review Methodology

The broad research question guiding this review is: “What are the trends and best practices

for designing, developing, and evaluating systems with biocybernetic adaptation, and how

can they be used for everyday stress management?” This broad research question can be

broken down into the following sub-questions.

19
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RQ1 What are the common practices for stress and affect recognition from physiological

signals?

(a) What are the commonly used datasets, emotion induction techniques, data col-

lection devices, and labeling approaches?

(b) What are the commonly used physiological signals, pre-processing procedures,

physiological features, and modeling methods?

RQ2 What are the common applications, design features, and evaluation procedures of

systems with biocybernetic adaptation?

(a) What are the common applications and design features, including adaptation

medium and mechanism?

(b) What are the commonly used evaluation techniques and the impact of system

adaptation on users?

This review adhered to the Preferred Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) guidelines to ensure transparency and rigor in answering the proposed

research questions [186]. Covidence, an online tool for systematic review management, was

used to facilitate screening, data extraction, and organization [41].

To find relevant papers, different keyword search queries were experimented with and the

following query was finalized: (”physiological data” OR ”physiological signals” OR ”biosig-

nals”) AND (”affective computing” OR ”affect recognition” OR ”emotion recognition” OR

”stress recognition”) AND (”adaptive user interface” OR ”dynamic user interface” OR ”user

interface adaptation”). This query was used in three databases: ACM Digital Library, IEEE

Xplore Digital Library, and Scopus, and it resulted in 984 conference proceedings and jour-

nal papers in the last five and a half years (2019 to mid-2024). These papers were further
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Figure 2.1: Systematic Review Flowchart
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evaluated using the following inclusion and exclusion criteria to identify the most relevant

papers.

Inclusion Criteria

1. The paper focuses on stress and affect recognition using peripheral physiological sig-

nals.

2. The paper focuses on system adaptations driven by peripheral physiological signals

used for stress and affect.

Exclusion Criteria

1. The paper focuses on recognizing cognitive states, such as attention and cognitive

workload.

2. The paper focuses on the use of neurophysiological signals, such as EEG.

3. The paper uses other modalities, such as video and audio, along with physiological

signals for stress and affect recognition.

4. Short papers, extended abstracts, and posters and papers published in a conference or

journal with an impact factor of less than 1.

The papers were filtered for peripheral physiological signals because they are particularly

suitable for stress and affect recognition due to their strong relationship to autonomic re-

sponses [23]. Moreover, with the availability of several commercial devices, acquiring periph-

eral physiological signals is less obtrusive than acquiring neurophysiological signals, making

them suitable for everyday use. Similarly, excluding papers that rely on other modalities

allows for assessing the efficacy of physiological signals alone, eliminating confounding vari-

ables.
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By excluding short papers, extended abstracts, and posters, the review focuses on compre-

hensive papers that provide in-depth experimental results, validated methods, and thorough

analysis that can be used to draw robust and generalizable conclusions. Moreover, to main-

tain a high evidence standard and ensure the review’s reliability, only papers published in

conferences or journals with an impact factor of at least one are included.

The inclusion and exclusion criteria were first used to screen the titles and abstracts of

all 984 papers, resulting in 255 papers for full review. The title and abstract screening

process involved two independent reviewers, achieving a Cohen’s Kappa coefficient of 0.5318,

indicating moderate agreement. Later, the same criteria were followed for a full review,

resulting in 61 papers for final data extraction. Two independent reviewers also participated

in the full-paper screening, and Cohen’s Kappa coefficient was 0.56659, reflecting moderate

agreement. Lastly, the two reviewers collaborated to extract data from the final 61 shortlisted

papers.

The results of data extraction revealed that the 61 shortlisted papers could be broadly catego-

rized into three main research focus areas: (1) stress and affect recognition using physiological

signals (46 papers), (2) system adaptation (6 papers), and (3) recognition and adaptation

(9 papers). Papers focusing on affect recognition used proprietary and/or publicly available

datasets with physiological signals to develop ML and/or DL models for affect recognition.

These papers detailed preprocessing, feature extraction, modeling, and validation methods.

Papers focusing on system adaptation involved designing systems with biocybernetic adap-

tation in domains such as training, mental health, and entertainment, and evaluating the

impact of these adaptations on users. Papers focusing on recognition and adaptation pre-

sented a holistic approach that combined model development with biocybernetic adaptation

and user evaluations. Figure 1 shows this categorization for the reviewed papers published

from 2019 to mid-2024.
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Figure 2.2: Research Focus Areas
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2.2 Psycho-physiological Inference of Stress and Affect

As discussed, psycho-physiological inference refers to the process of inferring internal states

from the measurement and analysis of bodily responses. It is a key component of systems

with biocybernetic adaptation. In this review, the psycho-physiological inference of stress

and affect across 55 papers (46 on stress and affect recognition and 9 on recognition and

adaptation) was performed using ML and DL models trained on peripheral physiological

signals from various private and publicly available datasets. The typical ML pipeline for

psycho-physiological inference of stress and affect involves collecting physiological signals,

preprocessing the signals, extracting relevant features, training ML models, and evaluating

the trained models. DL can incorporate signal preprocessing and feature engineering in

model development, simplifying the modeling process [113]. This section examines how the

reviewed papers approached each of these components.

2.2.1 Dataset Description

High-quality datasets are essential for developing models for recognizing stress and affect

from physiological signals. The quality of datasets depends on various factors, such as the

stimuli used, data collection devices, and data labeling methods. Therefore, this subsection

examines the quality of the psycho-physiological inference datasets used for stress and affect

recognition in the reviewed papers.

Dataset Types

Of the 55 papers that used physiological signals for stress and affect recognition, 27 focused

on utilizing publicly available datasets to develop the inference models. These datasets
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provide standardized benchmarks to facilitate cross-study comparisons in affective computing

research. Commonly used publicly available datasets include WESAD (11 papers), AMIGOS

(5 papers), DEAP (4 papers), MAHNOB-HCI (3 papers), K-EmoCon (3 papers), SWELL

(3 papers), CASE (3 papers), driveDB (3 papers), DREAMER (2 papers), and CLAS (2

papers). Notably, several papers combined multiple publicly available datasets to improve

inference performance. For instance, Zhu et al. [259] combined DREAMER, MAHNOB-HCI,

and WESAD; Harper et al. [102] used both DREAMER and AMIGOS; while Karavidas et

al., Vos et al., and Bhatti et al. integrated SWELL and WESAD [21, 118, 237]. Other

less commonly used publicly available datasets include ASCERTAIN [225], RECOLA [204],

AffectiveROAD [100], MERTI-Apps [156], and PPG-Dalia [202].

28 papers used private or proprietary datasets to develop stress and affect recognition models.

Individual researchers collected these datasets to meet specific study requirements. Although

these datasets enable tailored applications, they often lack the standardization required for

cross-study comparison. Notably, publicly available datasets were used in papers on psycho-

physiological inference, whereas private datasets were used in papers on system adaptation.

It is also important to note that some reviewed papers used a combination of publicly

available and private datasets for model training and testing. For example, Lee et al. [139]

used the MERTI-Apps dataset to train an affect recognition model and a private dataset

to customize their model. We review the quality parameters of both publicly available and

private datasets.

Stimuli

Stimuli are fundamental for eliciting physiological responses. As shown in Table 2.2, video

clips are the most commonly used stimuli in papers using both publicly available and private

datasets. Videos combine visual and auditory elements with narrative structures and can
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Table 2.1: Datasets Used for Stress and Affect Recognition

Private Datasets Public Datasets
28 papers 27 papers

[5, 11, 18, 29, 48,
72, 87, 90, 94, 98,
116, 119, 121, 122,
133, 142, 148, 149,
158, 159, 165, 184,
185, 192, 201, 220,

235, 236]

W
ES

A
D

[2
13
]

A
M
IG

O
S
[1
66
]

D
EA

P
[1
31
]

M
A
H
N
O
B-

H
C
I[
21

9]

K
-E

m
oC

on
[1
89
]

SW
EL

L-
K
W

[1
32
]

C
A
SE

[2
16
]

dr
iv
eD

B
[1
03
]

D
R
EA

M
ER

[1
20
]

C
LA

S
[1
61
]

[16,
21,
53,
80,
112,
118,
135,
147,
218,
237,
259]

[35,
66,
102,
206,
215]

[66,
140,
141,
188]

[80,
206,
259]

[53,
249,
260]

[21,
118,
237]

[21,
53,
164]

[123,
162,
259]

[102,
259]

[53,
206]
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depict emotionally charged situations. In publicly available datasets, including WESAD,

AMIGOS, DEAP, MAHNOB-HCI, CASE, DREAMER, ASCERTAIN, and CLAS, videos

were used to elicit emotions like happiness, sadness, fear, and relaxation. Moreover, videos

were used in 6 papers as stimuli for private datasets.

Cognitive tasks were commonly used as stimuli to evoke stress and anxiety. WESAD uses

social stress tests and cognitive tasks, such as the Trier Social Stress Test (TSST) and mental

arithmetic challenges, to evoke stress and anxiety [213]. SWELL-KW utilizes work-related

tasks to simulate real-world cognitive challenges that elicit varying cognitive load and stress

levels [132]. Popular video games such as Tetris and PUBG were primarily used in studies

that used proprietary datasets [11, 158] to elicit various affective states among users.

To elicit stress and emotion in more naturalistic environments, K-EmoCon [189] used debates

on social issues, SWELL-KW [132] used simulated office environments, and PPG-Dalia [202]

used a wide range of real-life activities. driveDB [103] and AffectiveROAD [100] used driving

scenarios. 6 papers that used private datasets also employed natural environments, including

activities of daily living, as stimuli to capture users’ affective states. Other commonly used

stimuli in papers with private datasets include Virtual Reality (VR) (4 papers) and audio

clips (3 papers). Interestingly, we found no publicly available datasets in our review that

collect physiological signals using games, VR, and audio as stimuli.

Data Collection Devices

As discussed, peripheral physiological signals reflect PNS activity. Devices that collect pe-

ripheral physiological signals are less obstrusive. They are usually easier to set up, lighter,

more portable, and less costly than devices that collect CNS physiological activity. However,

the devices used to collect peripheral physiological signals in the reviewed studies, across both
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Table 2.2: Stimuli Used to Evoke Stress and Emotions

Stimuli Private Datasets Public Datasets
Video [116, 133, 139, 142, 159,

235]
WESAD, AMIGOS, DEAP,
MAHNOB-HCI, CASE,
DREAMER, MERTI-Apps,
ASCERTAIN, CLAS

Cognitive Tasks [5, 48, 87, 121, 147, 201] WESAD, SWELL-KW, CLAS,
RECOLA

In-the-Wild [29, 98, 122, 185, 220, 236] K-EmoCon, SWELL-KW, PPG-
DaLiA

Driving [72] driveDB, AffectiveROAD
Images [90] MAHNOB-HCI, CLAS
Games [11, 94, 149, 158, 159, 184]
VR [94, 165, 192, 201]
Audio [18, 87, 133]

public and private datasets, exhibited varying levels of obtrusiveness. Device obtrusiveness

refers to the extent to which a device interferes with a user’s comfort and usability due to

its size, placement, cost, or required setup [127].

Obtrusive devices include the BioSemi ActiveTwo and Biopac MP150. The BioSemi Ac-

tiveTwo, commonly used in datasets such as AMIGOS, DEAP, and MAHNOB-HCI, records

high-resolution EEG and peripheral signals, including ECG and EDA. Its obtrusiveness stems

from the complex setup and placement of multiple electrodes, which can affect user comfort.

The Biopac MP150, used in several private datasets, is versatile, capturing signals such as

ECG, EDA, EMG, EEG, and RR. However, its bulky design and extensive setup time make

it cumbersome for practical use. Although compact, the Shimmer3 remains obtrusive due to

its configuration and sensor-placement constraints. It records ECG, EMG, EDA, and PPG

and contributes to datasets like AMIGOS and DREAMER.

The Polar H10, RespiBAN, and Zephyr BioHarness are less obtrusive due to their lightweight,
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portable designs. These chest-worn devices are primarily used for accurate ECG monitoring

and contribute to publicly available datasets, including K-EmoCon (Polar H10), WESAD

(RespiBAN), and SWELL (Zephyr BioHarness). However, their requirement for specific

chest placement may cause mild discomfort or limit user mobility during extended use.

Despite this, they balance usability and signal accuracy, making them more practical for

real-world applications than larger, more complex systems.

The Empatica E4 wristband provides unobtrusive peripheral physiological data collection

and is commonly used in publicly available datasets (e.g., WESAD and SWELL) and in

papers reporting on private datasets (11 papers). The Empatica E4 collects EDA, PPG,

ST, and ACC data, making it suitable for controlled and naturalistic data collection. Other

wristbands, such as the Microsoft Band, Biovotion Armband, and Garmin Forerunner, pro-

vide peripheral physiological data collection with minimal interference with daily activities.

Table 2.3 shows all the devices used to collect physiological signals in the reviewed papers

using public and private datasets.

Data Labeling

Data labeling is the process of associating raw physiological signals with the ground truth

and is crucial in stress and affect recognition with supervised ML and DL approaches. In

the reviewed papers, self-reports are the most commonly used labeling method, and the Self-

Assessment Manikin (SAM) is the most common survey instrument for labeling physiological

signals. SAM is a non-verbal, pictorial survey that measures users’ subjective reactions to

various stimuli. It is used in publicly available datasets, including WESAD, AMIGOS,

DEAP, MAHNOB-HCI, and CASE, and in 5 of 30 papers that use private datasets. Other

commonly used self-reporting surveys include emotion intensity ratings, the Subjective Unit

of Distress (SUD), the State-Trait Anger Expression Inventory-2 (STAXI-2), perceived stress,
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Table 2.3: Physiological Data Collection Devices

Data Collection Devices Private Dataset Public Dataset
Highly Obtrusive
e.g., Biopac MP150,
BioSemi ActiveTwo,
Shimmer3

[87, 94, 116, 139, 142,
148, 149, 184, 192, 201,
235]

AMIGOS, DEAP, MAHNOB-
HCI, DREAMER, CLAS,
MERTI-Apps, ASCERTAIN,
CASE

Less Obtrusive
e.g., Polar H10,
RespiBAN,
Zephyr BioHarness

[11] K-EmoCon, WESAD, SWELL,
driveDB, CLAS, RECOLA, Affec-
tiveROAD

Unobtrusive
e.g., Empatica E4,
Microsoft Band 2,
Biovotion Armband,

[5, 18, 29, 48, 90, 98,
119, 122, 123, 143, 158,
159, 162, 165, 185, 220,
236]

WESAD, SWELL, PPG-DaLiA

and the Game Experience Questionnaire (GEQ).

Ecological Momentary Assessment (EMA) is also a self-reporting method that collects real-

time data on an individual’s experiences in their natural environment. Unlike traditional

surveys such as SAM, EMA captures data as events occur in daily life, thereby minimizing

recall bias and providing insights into temporal fluctuations. The eDiary app [137], Mobile

App [53], and RankTrace [154] are examples of EMA techniques used in papers that use

private datasets.

Task-based labeling involves assigning labels to physiological signals that correspond to spe-

cific tasks or activities during data collection. These tasks include watching videos (WE-

SAD, CASE, AMIGOS, DREAMER, and ASCERTAIN), report writing (SWELL-KW),

paired debates (K-EmoCon), and survival tasks requiring collaboration and decision-making

(RECOLA). Task-based labels involved watching videos and listening to music, and were

also commonly used in papers reporting private datasets. Several public and private datasets
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have employed hybrid data labeling approaches to enhance the validity of the assigned la-

bels. For example, WESAD used self-reports and task-based labels, MAHNOB-HCI used

self-reports and external annotators, and AMIGOS used self-reports, task-based labels, and

external annotators to label the data. Table 2.4 shows all the physiological signal labeling

approaches.

Table 2.4: Data Labeling Approaches

Data Labeling Private Datasets Public Datasets
Self-report
e.g., SAM,
EMA,
SUD,
STAXI-2,
GEQ

[18, 48, 72, 87, 90, 94,
98, 119, 121, 122, 133, 139,
142, 149, 158, 159, 185,
192, 201, 220, 235, 236]

WESAD, AMIGOS, MAHNOB-HCI,
DEAP, DREAMER, ASCERTAIN,
MERTI-Apps, K-EmoCon, CASE,
CLAS, driveDB, SWELL-KW

Task-Based [87, 90, 116, 133, 147] WESAD, AMIGOS, MAHNOB-HCI,
CASE, CLAS, driveDB, SWELL-KW,
AffectiveROAD, PPG-Dalia

External
Raters

[90, 165] MAHNOB-HCI, AMIGOS, RECOLA,
K-EmoCon

2.2.2 Modeling Description

Developing accurate ML models for stress and affect recognition involves multiple stages,

including selecting the most relevant physiological signals, data preprocessing, feature engi-

neering, and model training and testing. DL can incorporate data preprocessing and feature

engineering into model training, thereby simplifying the modeling process. To understand

the best modeling practices, this subsection details the stages of the modeling process as

reported in the reviewed papers.
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Figure 2.3: Physiological Signal Frequency Barchart

Physiological Signals

Across reviewed papers, various physiological signals were used to develop ML models for

stress and affective recognition. The most commonly used peripheral physiological signals

in papers using publicly available datasets are EDA (20 papers), PPG (14 papers), ECG (13

papers), ST (8 papers), and Respiratory Rate (RR) (6 papers). 3 of 26 papers that used

public datasets also employed EMG to recognize affective states. Other non-physiological
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Figure 2.4: Radar Chart of Physiological Signal Combination

signals include the user’s Accelerometer (ACC), which is not a measure of human physiology

but is an indicator of human activity. The peripheral physiological signals used for stress

and affect recognition in papers with private datasets include EDA (21 papers), PPG (18

papers), ECG (10 papers), ST (6 papers), EMG (5 papers), and RR (3 papers). Notably,
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these signals were used in various combinations to enhance stress and affect recognition

accuracy.

The peripheral physiological signals most commonly used together overall are EDA and

PPG (25 papers). This is consistent with the physiological responses of the sympathetic and

parasympathetic nervous systems. EDA, driven by sweat gland activity, is a hallmark of

sympathetic activation. PPG provides insights into heart rate and Heart Rate Variability

(HRV), modulated by sympathetic and parasympathetic activation. Combining these sig-

nals leverages the complementary nature of sympathetic and parasympathetic physiological

responses to enhance affect recognition accuracy. Figure 2.3 provides a quick overview of

the frequency of the signals used in papers using both public and private datasets for stress

and affect recognition. Figure 2.4 shows the distribution and combination of various signals

used for stress and affect recognition. Each axis corresponds to one signal modality, and

each colored polygon represents the relative frequency with which that signal appears as a

primary feature in the surveyed literature.
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Table 2.5: Signal Preprocessing Techniques

EDA Low-pass filters [11, 18,

21, 35, 66, 87, 94, 121,

139, 165, 192, 206, 236]

Band-pass filters [35, 94,

118, 139, 164, 236]

Artifact detec-

tion [11, 18, 29, 165, 206]

Moving average fil-

ters [139, 206]

Polynomial filters [139]

Wavelet transform [118]

Fixed-length Window

[11, 92]

Overlapping Win-

dow [92, 164]

Short-length [139]

Event-based [147]

Decomposition [18,

21, 29, 35, 87, 90, 94,

118, 119, 133, 148]

Normalization [66,

90, 92, 118, 123, 133,

147]

Convolution [121,

147]

Deconvolution [18,

118]

PPG Low-pass filters [11, 66,

87]

Band-pass filters [21, 90,

139]

Artifact detection [29]

Fixed-length Window

[11, 72, 92, 141]

Short-length [139, 140,

142]

Pulse-based [140, 142]

Normalization [66,

90, 92, 123, 140, 141,

142]

Signal Splitting and

Trend Removal [140]

Peak-to-Peak Inter-

val (PPI) [72]

Smoothing / Artifact

Removal

Signal Segmentation Other Techniques

Continued on next page
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Table 2.5: Signal Preprocessing Techniques (Continued)

ECG Band-pass filters [21, 94,

121, 206, 215, 235]

Low-pass filters [11, 66]

Pan-Tompkins algo-

rithm [26, 206]

Data cleaning [259]

Fixed-length Win-

dow [11, 26, 72, 215, 235]

Sliding Win-

dow [26, 35, 235, 259]

Overlapping Win-

dow [26, 35, 235, 259]

Frame-based [26, 259]

Normalization [26,

72, 102, 235, 259]

QRS Complex De-

tection [72, 235]

Interbeat Interval

(IBI) [72, 102]

Skin

Temp

(ST)

Band-pass filters [21] N/A N/A

Resp

Rate

(RR)

Band-pass filters [21, 121]

Low-pass filters [11, 121]

Moving average fil-

ters [94]

Fixed-length Win-

dow [11]

N/A

EMG Low-pass filters [11]

Denoising with discrete

wavelet transforma-

tion [201]

Fixed-length Win-

dow [201]

Minimal-

redundancy-

maximal-relevance

(mRmR) crite-

rion [201]

Normalization [201]

Smoothing / Artifact

Removal

Signal Segmentation Other Techniques

Continued on next page
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Table 2.5: Signal Preprocessing Techniques (Continued)

Multi Band-pass fil-

ters [94, 121, 184, 188]

Low-pass fil-

ters [121, 149, 192]

Downsampling [185, 206]

Fast Fourier Trans-

form [122]

Sliding Win-

dow [21, 53, 80, 98, 121,

135, 158, 159, 192, 220]

Fixed-length Win-

dow [48, 98, 185, 188, 236]

Event-based [121, 149,

158, 192]

Normalization [11,

21, 80, 135, 149, 158,

162, 184, 192, 260]

Feature Imputa-

tion [162, 165, 220]

Smoothing / Artifact

Removal

Signal Segmentation Other Techniques

Signal Preprocessing Techniques

Signal preprocessing techniques help eliminate noise and artifacts from physiological signals

that can interfere with stress and affect recognition. The signal preprocessing techniques

used in the reviewed papers can be divided into three categories: smoothing and artifact

removal, signal segmentation, and other miscellaneous techniques. Table 2.5 indicates the

usage of each technique and the papers employing them.

Smoothing aims to reduce noise, whereas artifact-removal techniques focus on removing

artifacts caused by movement and electrode disconnections in physiological signals. Low-

pass filters (22 papers) and band-pass filters (21 papers) are among the most commonly

applied filters to remove artifacts from peripheral physiological signals. The moving average

filter (3 papers) was used to remove noise from EDA and RR.

Signal segmentation involves dividing the continuous signal into more manageable or mean-

ingful segments for stress and affect recognition. Fixed-length window segmentation (18
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papers) is widely applied across all physiological signals in the reviewed papers. It divides

the signal into equal-length segments based on time- or sample-based fixed windows. Slid-

ing or overlapping window segmentation (33 papers) was also commonly used, employing

overlapping windows to capture more temporal context within each segment.

Other miscellaneous techniques for signal preprocessing include normalization and standard-

ization (30 papers), signal decomposition (11 papers), peak detection (5 papers), and im-

putation (3 papers). Normalization and standardization ensure that signals from different

users, recording sessions, or devices are comparable. Signal decomposition techniques are

primarily applied to EDA signals to separate tonic and phasic components. Peak detection

techniques (3 papers) specifically analyze the heart rate and HRV. These include peak-to-

peak detection in PPG signals, QRS detection, and inter-beat interval (IBI) calculation.

Lastly, mentions of imputation techniques (3 papers) fill in the missing values, a common

phenomenon in physiological signals.
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Table 2.6: Physiological Signal Features

EDA Mean [18, 29, 35, 87,

90, 94, 118, 119, 123,

148, 164, 206, 260]

Standard Devia-

tion [18, 29, 35, 87,

90, 118, 119, 123, 133,

148, 164, 206, 260]

Min [18, 35, 87, 90,

94, 118, 123, 148, 164,

206]

Max [18, 35, 87, 90,

94, 118, 123, 148, 164,

206]

Skewness [18, 35, 118,

119, 123, 133, 206]

Kurtosis [26, 35, 206,

215]

SCR-related

[29, 123, 164, 206, 236]

Peak-related

[11, 29, 87, 206, 236]

Mobility [133]

Low Frequency

(LF) [35, 123]

High Frequency

(HF) [35, 123]

Very Low Frequency

(VLF) [35, 123]

N/A Fractal Di-

mension

Entropy [133]

Refined Com-

posite Multi-

scale Disper-

sion Entropy

(RCMDE) [133]

Multiscale En-

tropy [35]

Morphological

Features [11,

18, 206, 236]

Time Domain Frequency Domain Time-

Frequency

Nonlinear

and Other

Features

Continued on next page
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Table 2.6: Physiological Signal Features (Continued)

PPG Mean [29, 87, 90, 116,

123, 141, 236, 260]

Standard Devia-

tion [29, 90, 116, 123,

141, 260]

Root Mean Square of

Successive Differences

(RMSSD) [29, 90,

116, 123, 141]

Kurtosis [35, 119, 123,

236]

Min [87, 90, 119]

Max [87, 90, 119]

Interbeat Interval

(IBI) [122, 236]

Pulse Transit Time

(PTT) [72]

Low Frequency

(LF) [29, 116, 123,

141, 236]

High Frequency

(HF) [29, 116, 123,

141, 236]

Low Frequency/High

Frequency Ratio

(LF/HF ratio) [29,

116, 123, 141, 236]

High Frequency

Power [29, 116, 123,

141, 236]

Very Low Frequency

(VLF) [29, 116, 123,

141]

N/A Poincaré Plot

Indices (SD1

and SD2) [123]

Multiscale

Entropy

(MSE) [260]

BVP Spe-

cific Fea-

tures [11, 92]

Local Maxima

and Minima

Features [123]

HRVAS Tool-

box Fea-

tures [122]

Deep Learning

Features [66]

Time Domain Frequency Domain Time-

Frequency

Nonlinear

and Other

Features

Continued on next page
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Table 2.6: Physiological Signal Features (Continued)

ECG Root Mean Square of

Successive Differences

(RMSSD) [16, 29, 72,

121, 206, 215, 235]

Mean [26, 35, 121,

206, 215, 235, 260]

Standard Devia-

tion [26, 35, 121, 206,

215, 235, 260]

Heart Rate Variability

(HRV) [35, 90, 206,

215, 235]

pNN50 [16, 206, 215]

Max [35, 90, 206, 235]

Min [35, 206, 235]

Pulse Transit

Time [72, 122]

Low Frequency

(LF) [16, 26, 29, 35,

72, 215, 235]

High Frequency

(HF) [16, 26, 29, 35,

72, 215, 235]

LF/HF ratio [16, 26,

35, 215, 235]

Very Low Frequency

(VLF) [16, 35, 215,

235]

Power Spectral Den-

sity (PSD) [35]

Number LF (nLF)[35]

Wavelet Scat-

tering [215]

Poincaré Plot

Indices (SD1

and SD2) [16,

123, 215, 235]

Shannon En-

tropy [35, 215]

Sample En-

tropy [215]

Local Maxima

and Minima

Features [123]

HRVAS Tool-

box Fea-

tures [122]

Deep Learning

Features [66]

Time Domain Frequency Domain Time-

Frequency

Nonlinear

and Other

Features

Continued on next page
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Table 2.6: Physiological Signal Features (Continued)

Skin

Temp

(ST)

Mean [260]

Standard Devia-

tion [260]

Kurtosis [260]

Skewness [260]

N/A N/A Temperature

Curvature and

Derivative

Measures [122]

Thermal

Event Mark-

ers [235]

Toolbox Fea-

tures and

Derivative

Analysis [26]

Resp

Rate

(RR)

Breathing Rate [139] N/A N/A N/A

Time Domain Frequency Domain Time-

Frequency

Nonlinear

and Other

Features

Continued on next page
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Table 2.6: Physiological Signal Features (Continued)

EMG Mean Absolute Value

(MAC) [201]

Zero Crossing

(ZC) [201]

Slope Sign Changes

(SSC) [201]

Root Mean Square

(RMS) [201]

Power Spectral Den-

sity (PSD) [201]

Wavelet Coef-

ficients [201]

N/A

Time Domain Frequency Domain Time-

Frequency

Nonlinear

and Other

Features

Continued on next page
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Table 2.6: Physiological Signal Features (Continued)

Multi Mean [121, 149, 158,

159, 162, 165, 184,

185, 188, 220, 237,

249, 260]

Standard Devia-

tion [11, 149, 159,

162, 165, 184, 185,

188, 220, 237, 249]

Root Mean Square

(RMS) [121, 184, 185,

188, 192, 220]

Peak values/ampli-

tude [184, 185, 188,

237]

Variance [184, 185,

220, 237]

Range [11, 149, 220]

Low Frequency

(LF) [149, 158, 162,

185, 188, 192, 206]

High Frequency

(HF) [149, 158, 162,

185, 188, 192, 206]

LF/HF ratio [149,

158, 185, 192, 206]

PSD [185, 188, 206,

249]

Very Low Frequency

(VLF) [149, 162, 206]

Ultra-Low Frequency

(ULF) [162]

Wavelet

Transform Co-

efficients [185]

Wavelet

Packet En-

tropy [188]

Wavelet Coef-

ficients [192]

Approximate

Entropy [188]

Sample En-

tropy [188]

Fuzzy En-

tropy [188]

Poincaré Plot

Indices (SD1

and SD2) [185]

Machine

Learning Fea-

tures [185,

249]

Time Domain Frequency Domain Time-

Frequency

Nonlinear

and Other

Features

Feature Extraction

Raw physiological signals often lack meaningful or interpretable information, making feature

extraction a critical step in stress and affect recognition. The features extracted from the
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physiological signals in the reviewed papers can be categorized as time-domain, frequency-

domain, time-frequency, and non-linear. Table 2.6 shows the usage of these features in the

reviewed papers.

The focus on time-domain features was often on statistical measures across physiological

signals. These include mean (42 papers), standard deviation (38 papers), minimum (16

papers), maximum (16 papers), skewness (8 papers), and kurtosis (5 papers). Mean provides

the average signal level, showing the baseline physiological response, while the Standard

deviation indicates the extent of fluctuations around this baseline. Minimum and maximum

values capture the range of the response, identifying the lowest and peak levels. Skewness

highlights the asymmetry in response distribution, showing whether responses are biased

toward higher or lower values. Kurtosis reveals the presence of extreme values, indicating

intense or unusual responses. Other commonly used time-domain features include Root

Mean Square (RMS) (7 papers) and Root Mean Square of Successive Differences (RMSSD)

(12 papers). RMS measures the overall magnitude of a signal, while RMSSD captures rapid

changes by focusing on the differences between consecutive signal values.

Frequency-domain features involve dividing the signal into frequency bands: Very Low Fre-

quency (VLF) (13 papers), Low Frequency (LF) (21 papers), and High Frequency (HF) (21

papers). These bands represent distinct physiological processes linked to various affective

states, with VLF often associated with long-term regulatory processes, LF reflecting a mix

of sympathetic and parasympathetic activity, and HF primarily related to parasympathetic

activity. Also commonly used were the ratios of the LF and HF bands (15 papers). A

higher LF/HF ratio indicates increased sympathetic dominance (often associated with stress

or arousal), while a lower LF/HF ratio indicates stronger parasympathetic influence (linked

to relaxation or calmness). Another commonly used frequency-domain feature was Power

Spectral Density (PSD), which quantifies the intensity of various frequency bands over time.
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Time-frequency features (5 papers) were also used, simultaneously providing information

about physiological signals’ time and frequency components.

Nonlinear features typically include entropy features (10 papers), including Shannon En-

tropy, Approximate Entropy, Sample Entropy, Multiscale Entropy, and Fuzzy Entropy.

Entropy features in physiological signals measure their complexity or regularity, providing

insight into the underlying physiological processes. Shannon Entropy quantifies the overall

uncertainty or information content in a signal. Approximate Entropy evaluates the likelihood

that similar patterns of observations remain similar in the future. Sample Entropy improves

on Approximate Entropy by reducing bias and dependence on dataset length. Multiscale

Entropy extends Sample Entropy across multiple temporal scales to capture both short- and

long-term patterns in physiological dynamics. Fuzzy Entropy introduces fuzzy membership

functions to enhance robustness against noise and small datasets. Morphological features (4

papers) were also used to capture complex signal characteristics, such as sudden changes,

irregular patterns, or specific structural traits, in EDA signals. However, researchers are

increasingly using ML and DL features that are more generalizable and have been shown to

outperform hand-crafted features, highlighting the potential of data-driven approaches for

feature extraction [98].

Feature Selection

Selecting the most relevant features is valuable for increasing stress and affect recognition

accuracy and reducing computational requirements. Statistical methods (9 papers) are the

most commonly used feature selection methods. These methods employ various statistical

tests to assess the relationship between features and affective states, thereby eliminating

irrelevant or redundant features. Correlation-based techniques such as Pearson Correlation

used in [94, 141, 192] and Spearman Correlation used in [133] identify features strongly
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associated with affective states. Hypothesis testing methods like Chi-Square used in [92],

Analysis of Variance (ANOVA) used in [164], and Scalable Hypothesis Testing used in [98]

involve keeping features with significant relationships with the affective states based on the

p-value. Other techniques, such as Mutual Information used in [121], also focus on retaining

features that reduce uncertainty about the affective states, and SelectKBest used in [162]

ranks features using scoring functions and selects the top K features.

Dimensionality reduction techniques simplify the extracted features by transforming features

to a lower dimension while preserving critical information. Principal Component Analysis

(PCA) used in [66, 123, 149, 215], transforms features into orthogonal components that

maximize variance, reducing dimensionality without significant loss of information. Similarly,

Minimum Redundancy Maximum Relevance (MRMR), used in [92, 201], selects features

that are highly relevant to the target variable while minimizing redundancy among selected

features, ensuring both efficiency and diversity in the feature set.

Specialized algorithms further enhance feature selection for complex or noisy datasets. The

RELIEFF algorithm, used in [26, 72], estimates feature importance based on how well fea-

tures distinguish nearby instances. While statistical methods dominate traditional feature

selection approaches, DL techniques can automatically extract and select the most relevant

features during model training.

Modeling Methods

Overall, 55 papers used ML and/or DL models for stress and affect recognition. Among

these, 26 used ML algorithms, 19 employed DL architectures, and 10 used a combination of

ML and DL. Figure 2.5 shows the distribution of the commonly used ML and DL algorithms

from 2019 to mid-2024.
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Figure 2.5: Machine Learning and Deep Learning Models Developed for Stress and Affect
Recognition using Physiological Signals in the Reviewed Papers

Machine Learning: Support Vector Machines (SVMs), used in 22 papers, are the most com-

monly used ML algorithm for stress and affect recognition using physiological signals. SVMs

are supervised ML models that identify the optimal hyperplane to separate data into dif-

ferent classes. They effectively handle high-dimensional data and are robust to over-fitting,

making them suitable for stress and affect recognition using physiological signals. 14 pa-

pers used K-Nearest Neighbor (KNN), an instance-based learning algorithm that classifies

new data points based on the majority class among the ‘k’ closest training examples and

captures subtle variations in physiological signals. Random Forest (RF) (13 papers) and

Decision Trees (DT) (10 papers) capture non-linear relationships and provide insights into

feature importance, explaining which physiological signals/features are most indicative of

stress or other affective states. 9 papers used Regression models, offering a nuanced under-

standing beyond the categorical classification of affective states from physiological signals.

Naive Bayes classifiers, used in 8 papers, are computationally efficient and beneficial when
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physiological data is limited.

Other ML techniques include Extreme Gradient Boosting (XGBoost), Extreme Learning

Machines (ELM), Self-Organizing Maps (SOM), Zero R, Locally Weighted Learning (LWL),

explainable ML, and unsupervised ML algorithms. Extreme Gradient Boosting (XGBoost)

used in [11, 35, 165] captures intricate patterns through boosting techniques. ELM used

in [188] provides a fast training approach with randomly initialized input weights. SOM,

as used in [26], creates low-dimensional representations of high-dimensional data, aiding in

visualizing emotional states. Methods such as ZeroR [102] and LWL [48] serve as baseline

classifiers or localized models that adapt to nearby data points. Explainable ML techniques,

including SHAP (SHapley Additive exPlanations), were also used in [16] to improve in-

terpretability by identifying feature contributions. Unsupervised ML algorithms such as

Expectation-Maximization (EM) cite de2019study and k-means clustering [48, 122] can

identify inherent patterns in physiological signals and facilitate stress and affect recognition

by informing supervised ML models.

Deep Learning: DL models for stress and affect recognition using physiological signals in-

volved using Convolutional Neural Networks (CNNs) (14 papers), Long Short-Term Memory

Networks (LSTMs) (4 papers), and Multilayer Perceptrons (MLPs) (10 papers). 1D CNNs

(13 papers) apply convolutional filters along a single dimension, making them well-suited

for processing time-series data such as physiological signals. They process time-series data

effectively by learning spatial and hierarchical features in raw physiological signals. 2D

CNNs, typically used for image data, are applied to spectrograms of physiological signals

in [66]. They capture spatio-temporal features in these two-dimensional representations of

physiological signals, which is beneficial in analyzing frequency-domain information.

LSTMs are Recurrent Neural Networks (RNNs) that can learn long-term dependencies in

sequential data. They were combined with CNNs in CNN-LSTM architectures to capture
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spatial features and temporal dependencies over time in physiological signals for stress and

affect [29, 102, 218, 260]. MLPs are fully connected neural networks that can approximate

complex and nonlinear relationships between physiological features and affective labels. They

were applied to hand-crafted features extracted using scientific methods and DL features

extracted from CNN, LSTM, and CNN-LSTM architectures for affect recognition.

Advanced DL models used for stress and affect recognition in reviewed papers include Trans-

formers used in [249], Autoencoders used in [142, 206], Variational Autoencoders (VAEs) used

in [259], and contrastive learning used in [53]. Transformers use self-attention mechanisms

to capture long-range dependencies. Autoencoders and VAEs are generative models that

learn latent representations of data. These models help reduce dimensionality and capture

complex patterns in physiological signals. Contrastive learning involves a smaller “student

model” that learns representations by comparing its outputs with those of a larger, more

complex “teacher model.” There is a growing research interest in using these advanced DL

models for time-series modeling for stress and affect recognition.

Cross-Validation

Cross-validation is a resampling technique to assess how well a model generalizes to new data.

It provides a more reliable performance estimate than a single train-test split by rotating

which data subsets are used for training and validation, reducing overfitting and helping

select the best model or hyperparameters. The most frequently used cross-validation tech-

niques are 10-fold cross-validation (17 papers) and leave-one-out cross-validation (LOOCV)

(11 papers). 10-fold cross-validation involves dividing the dataset into 10 equal subsets, using

nine subsets for training and one subset for testing. In LOOCV, the model is trained on all

samples except one, which is held out for testing, and this process is repeated for every sam-

ple in the dataset. The reviewed papers also used Leave-One-Subject-Out (LOSO), Leave-
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k-Subjects-Out (LkSO), Leave-One-Day-Out, and Leave-One-Event-Out cross-validation,

which are modifications of LOOCV to develop more robust and generalizable stress and

affect recognition models. Some papers also opted for straightforward data splitting as an

alternative to, or in tandem with, cross-validation (5 papers).

Classes and Labels

In the developed stress and affect recognition models, the states were most commonly rec-

ognized as valence and arousal labels. These labels commonly included binary classes (15

papers) such as high and low valence or high and low arousal, and four classes (5 papers)

that combined valence and arousal into four quadrants, including High Valence-High Arousal

(HVHA), High Valence-Low Arousal (HVLA), Low Valence-High Arousal (LVHA), and Low

Valence-Low Arousal (LVLA). Additionally, some models utilized more granular scales, such

as 5-point or 10-point scales, to capture the intensity of valence and arousal.

23 papers used categorical labels to infer stress, with the majority using binary (10 papers)

and ternary (9 papers) classes. In binary systems, stress is labeled as either “stress” or

“no stress” (or “relaxed”). In ternary systems, stress is labeled as “Low, Medium, High”

or “Baseline, Stress, Amusement” or “Neutral, Stressful, Relaxing” or “Boredom, Flow,

Stress.” Stress was also classified into four distinct stress states (neutral, stress, amusement,

meditation) [80] and as an ordinal progression (0.25, 0.5, 0.75, 1.0) [112]. Moreover, finer

distinctions are made using scales (e.g., 1-10) [236] or multi-class systems that integrate

stress with other states like focus, amusement, or phobia-related distress [218].

Other affective states are recognized as subjective labels with different classes, including

joy, anger, sadness, and pleasure (5 papers). Fairclough et al. [72] developed a model for

binary classification of anger as high and low levels. Additionally, some models used scaled
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(a) Physiological signals → affective states.

Figure 2.6: Sankey diagrams of stress and affect recognition: (a) input physiological signals
to affective states; (b) affective states to classification schemes.



54 CHAPTER 2. REVIEW OF LITERATURE

(b) Affective states → classification schemes.

Figure 2.6: Sankey diagrams (continued).
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categories, assigning emotions to high, medium, and low intensity [118]. Less commonly

used affective states recognized using physiological data include jittery and flow. Figure

2.6 is a Sankey Diagram that shows the proportional flow of classification categories (right)

to affective states (center) and to physiological signals (left), highlighting trends in how

different signals are used to recognize various affective states with varying complexity.

2.3 System Adaptation

As discussed, system adaptation involves the dynamic adjustment of system behavior or

user interface based on the affective states inferred from physiological signals. It is the

second key component of systems with biocybernetic adaptation after psycho-physiological

inference. Among the 61 shortlisted papers, 15 focused on the system’s ability to adapt based

on the affective states recognized from physiological signals. Among these, 6 papers focused

specifically on designing system adaptations, while 9 focused on both affect recognition and

system adaptations (Figure 2.2).

Papers focusing solely on system adaptation investigate the design of adaptations and evalu-

ate their impact on users. Papers focusing on inference and adaptation describe the processes

of stress and affect recognition using ML and/or DL, the design of system adaptation, and

the evaluation of the impact of adaptation on users. This section details the system de-

sign of the reviewed systems with biocybernetic adaptation based on the MAPA framework

proposed by Munoz et al. [172]. This framework provides a structured approach for categoriz-

ing systems with biocybernetic adaptations by emphasizing four key components: medium,

application area, psycho-physiological state, and adaptation technique. Additionally, this re-

view discusses the technical and user evaluations of such systems, providing insights into the

accuracy of real-time stress and affect recognition and the effectiveness of system adaptation
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for users.

2.3.1 Medium

Medium refers to the means of communication through which the system adaptation occurs.

This medium can include physical objects, such as robots, virtual interfaces, such as Aug-

mented Reality (AR) and Virtual Reality (VR), or hybrid physical-virtual components. Each

medium has a unique set of advantages and disadvantages for biocybernetic adaptations, as

given below.

Physical Objects

Physical objects enable direct interaction with the environment, allowing for tangible feed-

back. They can seamlessly integrate into users’ daily activities and provide greater person-

alization, thereby enhancing user engagement and the effectiveness of system adaptation.

However, physical objects have limited customizability and adaptability. In this review,

Leonidis et al. [143] used physical objects in a smart home to design a pervasive system with

biocybernetic adaptations. Chen et al. [34] designed biocybernetic adaptations for an um-

brella, whereby the umbrella changes color in response to the user’s real-time physiological

signals.

Virtual Interfaces

Virtual interfaces enable more dynamic and customizable adaptations than physical objects.

AR and VR, used as a medium in 6 papers, offer high levels of immersion and control.

Desktop applications (4 papers) and mobile applications (2 papers) were also commonly used

as virtual media, enabling users to experience adaptive responses across various settings. Lee
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et al. [139] used CARLA, an open-source simulator for autonomous driving.

2.3.2 Application

Application refers to the context or domain where the BCA systems are used. The reviewed

papers had three main application areas of systems with biocybernetic adaptation: training

(6 papers), mental health (5 papers), and entertainment (4 papers).

Training

As discussed, users’ cognitive and affective states influence their task performance. By

continuously adapting to the user’s affective state, systems with biocybernetic adaptations

can create engaging and personalized training experiences to enhance performance. Téllez et

al. [229] used an immersive VR football game to train users to improve their performance by

adjusting elements of the VR environment based on stress levels measured from physiological

signals. Reidy et al. [201] also used an immersive VR game to train users to improve

their performance on working memory and episodic memory tasks, guided by affective state

recognition from physiological signals and prior performance.

Adiani et al. [5] designed a Career Interview Readiness in Virtual Reality (CIRVR) platform

to train autistic users for job interviews. The CIRVR platform adapts by interrupting when

high stress is detected in users’ physiological signals, providing a brief pause intended to alle-

viate stress before resuming the interview. Fairclough et al. [72] designed a biofeedback-like

system that displays to users a geolocated visualization of vehicle parameters, photographs,

and psycho-physiological inferences about their emotions, enabling them to regulate their

emotions and improve driving performance. As discussed, biocybernetic adaptations derive

from biofeedback but differ in that they use physiological signals to automatically drive
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system adaptations, without requiring conscious user input. Lee et al. [139] designed a sys-

tem for autonomous cars that recognizes the driver’s affective states with their physiological

signals to switch between manual and auto driving to improve driving performance.

Mental Health

Systems with biocybernetic adaptations were commonly used to increase the effectiveness of

mental health interventions and practices, such as exposure therapy, meditation, and emotion

regulation. Systems that adapt in response to fear detected from the user’s physiological

signals are used in exposure therapy. For instance, Arquissandas et al. [14] developed an

adaptive AR game that exposed users to a virtual snake, and Petrescu et al. [192] proposed

an adaptive VR acrophobia game that exposed users to heights.

The CaLmi system [143] is a pervasive system with biocybernetic adaptation that helps

occupants regulate their everyday stress by exposing them to soothing lights, sounds, and

fragrances, thereby supporting meditation. The TROI system by Dissanayake et al. [53]

employed a smartphone application to display users’ everyday affective states, and Chen

et al. [34] designed an umbrella with biocybernetic adaptation that changes color based

on users’ psycho-physiological states. The TROI system and the biocybernetic umbrella

are more biofeedback-based systems because they establish conscious interaction with users,

enabling them to regulate their emotions.

Entertainment

Systems with biocybernetic adaptation were also employed to design more engaging and

entertaining gaming experiences. Orozco-Mora et al. [184], and Frachi et al. [81] designed

immersive VR games that adjust difficulty based on users’ stress levels, measured from phys-
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iological signals, to facilitate user engagement. Karavidas et al. [118] designed an adaptive

kitchen game that adjusts its difficulty based on the user’s emotions recognized from their

physiological signals, ensuring it is challenging enough to match the user’s skills and keep

them engaged. Katada et al. [119] proposed a physiologically adaptive dialogue system that

adjusts its conversational responses to make the interaction more engaging and emotionally

attuned. The CIRVR platform [5] also proposed developing a virtual interviewer that adapts

its conversational style based on user stress detected from physiological signals. Chiossi et

al. [37] designed an immersive social VR game that adjusts the number of Non-Player Char-

acters (NPCs) in the virtual environment based on inferences from users’ physiological signals

to maintain proxemic comfort.

2.3.3 Psycho-Physiological States

Several physiological signals were used to infer psychological states, triggering system adap-

tation. The commonly used psychological states include stress (4 papers), anxiety (2 papers),

valence (2 papers), and arousal (2 papers), which are recognized from a combination of phys-

iological signals, including EDA (11 papers), PPG (10 papers), ECG (4 papers), and EMG

(2 papers).

Stress and Anxiety

Stress and anxiety, as indicated by EDA, PPG, and ECG, were the most commonly used

psycho-physiological inferences in the reviewed systems with biocybernetic adaptation. The

CaLmi smart home system [143] monitors EDA and PPG signals from the Empatica E4 wrist-

band to detect binary stress. It also incorporates contextual data to enhance the detection

accuracy, including the occupant’s profile, activities, habits, and responsibilities. Similarly,
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the CIRVR platform [5] uses EDA and PPG signals from the Empatica E4 wristband for

binary stress detection.

The immersive VR football game in [229] leverages PPG signals collected from the Polar

OH1 sensor to classify heart rate into a 5-level stress scale. The immersive zombie-survival

game in [184] uses EDA, ECG, and EMG signals to classify stress into three levels and

dynamically adjust the game difficulty.

The AR exposure therapy system [14] collects EDA and ECG signals from the Bitalino

device to infer user anxiety levels. Similarly, the adaptive kitchen game [118] uses EDA

signals collected with the Bitalino sensor to recognize real-time boredom, flow, and anxiety

levels across low, medium, and high categories.

Valence and Arousal

Valence and arousal inferred from EDA and PPG signals were also commonly used to trigger

biocybernetic adaptation. In the market and museum immersive VR game [201], facial EMG

signals are captured using the Faceteq sensing HMD foam to classify user affect into four

valence-arousal combinations: energetic-positive (high valence, high arousal), calm-positive

(high valence, low arousal), energetic-negative (low valence, high arousal), and calm-negative

(low valence, low arousal).

In the biocybernetic adaptations for autonomous cars [139], PPG and EDA signals from

Biopack’s MP150 system are used to infer valence and arousal levels. These levels corre-

spond to driving scenarios, including reduced speed perception, delayed incident response,

diminished situational judgment, and maintained driving capability, and are translated into

control signals for the autonomous vehicle. The TROI system [53] collects EDA, PPG, and

ST signals from the Empatica E4 wristband to separately recognize arousal and valence into
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three classes (high, neutral, and low). These signals also classify six categorical emotions:

happy, sad, angry, nervous, cheerful, and neutral.

Other States

Fairclough et al. [72] developed a biofeedback-like system that combines ECG and PPG

signals from the Shimmer3 sensor with driving features, such as car speed, to classify high

and low anger episodes. In the physiologically adaptive dialogue system [119], EDA and

PPG signals collected from the Empatica E4 wristband are used to classify high- and low-

enjoyment classes.

No State

Some studies did not infer specific psychological states but instead used rule-based deductions

from physiological signals to trigger adaptation. For example, the Labyrinth Game [81], a

VR game for proxemic comfort [37], and the umbrella with biocybernetic adaptation [34]

used changes in EDA signals to trigger system adaptation.

2.3.4 Adaptation Technique

Adaptation techniques are computational methods used to achieve system adaptation. Among

15 papers focusing on systems with biocybernetic adaptation, 11 used ML and DL techniques,

whereas 4 used rule-based approaches to infer stressful and affective states from physiological

signals to trigger system adaptation. ML algorithms include SVMs used by [119, 184, 201],

kNN used by [72, 184, 201], RF used by [5, 184], LDA used by [72, 201], and Logistic Re-

gression used by [143] for stress and affect recognition. A few authors developed multiple

models and used one as the final classifier for inference and adaptation. DL learning models
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primarily employ 1D CNNs to infer affective states from physiological data and have been

used by [53, 139, 192].

Rule-based approaches rely on predefined rules, thresholds, or heuristics derived from expert

knowledge or empirical data to guide system behavior. The rule-based approach in [37,

81, 229] involved measuring baseline physiological signals, monitoring current signals, and

calculating the difference between baseline and current signals as indicators of change in

psychological states to trigger system adaptation. The rule-based adaptation in affective

umbrella [34] uses predefined thresholds, and the system adapts when signals exceed or fall

below them.

Table 2.7: Summary of Papers with System Adaptation based on the Medium, Application,
Psycho-physiological states, and Adaptation technique (MAPA) Framework by Munoz et
al. [172]

Sr Paper Medium Application

Psycho-

physiological

States

Adaptation

Technique

1
Fairclough et

al. [72]

Mobile appli-

cation

Driving performance

via emotional aware-

ness

Anger using ECG,

PPG, and other

physiological signals

ML

2
Petrescu et

al. [192]

Immersive

VR

Exposure therapy

(exposure to heights)

Fear using EDA and

PPG
ML

3
Lee et

al. [139]

Driving simu-

lator

Driving performance

in autonomous vehi-

cles

Valence and arousal

using EDA and PPG
DL

4
Leonidis et

al. [143]
Smart home

Everyday stress

management

Stress using EDA

and PPG
ML
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SN Paper Medium Application

Psycho-

physiological

States

Adaptation

Technique

5
Chiossi et

al. [37]

Immersive

VR

Proxemic comfort

and engagement in

VR

No state; EDA and

ECG
Rule-based

6
Karavidas et

al. [118]

Desktop

application

Engagement and

performance in time

management game

Boredom, amuse-

ment, and anxiety

using EDA

ML

7
Téllez et

al. [229]

Immersive

VR

Sports training and

performance

Boredom, amuse-

ment, and anxiety

using EDA

Rule-based

8
Arquissandas

et al. [14]
AR

Exposure therapy

(exposure to snakes)

Fear using EDA and

ECG
Unknown

9
Orozco-Mora

et al. [184]

Immersive

VR

Engagement in a

First Person Shoot-

ing (FPS) zombie

game

Stress using ECG

and EMG
ML

10
Adiani et

al. [5]
Desktop VR

Training for job in-

terviews

Stress using ECG

and EDA
ML

11
Reidy et

al. [201]

Immersive

VR

Engagement and

training for memory

improvement

Valence and arousal

using EMG
ML

12
Chen et

al. [34]
Umbrella Emotion regulation

No state; EDA and

PPG
Rule-based
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SN Paper Medium Application

Psycho-

physiological

States

Adaptation

Technique

13
Katada et

al. [119]

Desktop

application

Engagement with

conversational agent

Enjoyment using

PPG and EDA
DL

14
Frachi et

al. [81]

Desktop

application

Engagement and

performance in

labyrinth game

Arousal using EDA,

PPG, and ST
Rule-based

15
Dissanayake

et al. [53]

Mobile appli-

cation

Everyday emotion

regulation

Valence, Arousal,

and discrete emo-

tions using EDA,

PPG, and ST

DL

2.3.5 Evaluation

The evaluation of systems with biocybernetic adaptation must assess the accuracy of stress

and affect recognition and the effectiveness of system adaptation for the user. However,

the reviewed papers focused on evaluating the impact of system adaptation on users, using

its expected impact as a proxy for assessing stress and affect recognition accuracy. This

approach, while practical, introduces limitations because the accuracy of inference models is

assessed indirectly. User-centered evaluation systems with biocybernetic adaptation can be

categorized as adaptive or non-adaptive, standalone, or mixed-methods.
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Adaptive vs. Non-Adaptive

This evaluation approach involved conducting user studies to compare the adaptive and

non-adaptive systems. For example, participants in the market and museum immersive VR

game [201] alternated between adaptive and non-adaptive versions of the game, reflecting

on their experiences using the Game Experience Questionnaire (GEQ) and interviews. This

study targeted older adults as users, indicating enhanced engagement and motivation in

the adaptive version, as participants reported feeling more competent and less challenged.

Similarly, the labyrinth game [81] involved three levels of game adaptation and post-task

evaluations with regular users. Results revealed that increased character movement speed

reduced level completion time, whereas slower speed conditions resulted in higher success

rates, and adaptive scenarios improved user control and feedback. The immersive zombie-

survival game [184] evaluated workload using the NASA-TLX questionnaire among regular

users, showing no statistically significant differences between adaptive and non-adaptive

scenarios but suggesting a slight increase in perceived demands in the non-adaptive scenario.

Stand-Alone Evaluations

Other approaches involved stand-alone evaluations of systems with biocybernetic adapta-

tion based on their primary functions among various users. For instance, Calmi’s evaluation

compared adaptive programs and user feedback obtained through interviews and question-

naires [143]. CIRVR [5], designed for individuals with autism, used the System Usability

Scale (SUS) to compare usability perceptions between autistic and neurotypical participants.

Neurotypical participants rated the platform significantly higher (SUS score: 77.5) compared

to autistic participants (57.5), highlighting accessibility challenges for neurodiverse users.
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Mixed-Methods Approach

Some papers integrated quantitative and qualitative methods for a more comprehensive

analysis. For example, the autonomous driving study [139] measured vehicle response times

across situational awareness scenarios with regular users while collecting detailed data on

user performance and physiological responses. Results showed that control response times

remained well within commercial safety standards, even with the added processing time

required for emotion recognition. The affective umbrella [34] study targeted regular users

and utilized the SAM scale to capture emotional states before and after each session, sup-

plemented by body map drawings and interviews. Results showed significant differences in

arousal and dominance scores across conditions.

Evaluating Inferences

Among all reviewed papers, only the TROI system [53] combined affect recognition rat-

ings with self-reported confidence levels, showcasing the system’s accuracy in interpreting

users’ affective states. This study, involving regular users, demonstrated improved emotional

awareness and underscored the importance of integrating intervention methods to enhance

broader applicability. Participants expressed that such systems could help them “react bet-

ter in different situations,” emphasizing real-world usability and psychological impact. How-

ever, the TROI system’s design and functionalities align more closely with biofeedback-type

systems.
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2.4 Discussion

So far in this chapter, various approaches to developing stress and affect recognition mod-

els and to designing and evaluating systems with physiology-driven adaptations have been

reviewed. Based on this review, guidelines for designing systems with biocybernetic adap-

tations were derived. These guidelines are discussed in this section alongside the critical

components of stress and affect recognition using physiological signals and system adapta-

tion. Lastly, this section discussed the application of systems with biocybernetic adaptation

in emerging technologies.

2.4.1 Guidelines for Designing Systems with Biocybernetic Adap-

tation

As discussed, systems with biocybernetic adaptation consist of two main components: psy-

chophysiological inference and system adaptation. Therefore, designing such systems requires

not only accurate and robust models for inferring states such as stress and affect from physi-

ological signals but also effective adaptation mechanisms that translate these inferences into

meaningful changes for the user, including enhancing engagement and reducing stress.

Guidelines for Psychophysiological Inference of Stress and Affect

As discussed, the typical pipeline for developing stress and affect recognition models in-

cludes data collection, data processing, model development, and model validation. Data

collection involves exposing the participant to a stimulus, recording physiological responses

using various devices, and labeling the recorded data. To develop accurate inference models

for systems with biocybernetic adaptation, the stimuli to which the participant is exposed
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in the training dataset should be similar to the conditions the participant will encounter

when interacting with the system. For example, the stress recognition model trained on

a dataset using arithmetic tests as stressors would work better in a system for arithmetic

training. Labeling physiological signals is crucial; however, the reviewed papers mostly re-

lied on self-reports, whereas hybrid labeling can enhance the validity and reliability of the

assigned labels. Based on these insights, we propose the first guideline (G1): psychophysio-

logical inference models should be trained with application-relevant stimuli, employ reliable

labeling strategies, and ensure that labels are ecologically valid for the intended use case.

Traditionally, data processing involves eliminating noise and artifacts and extracting rele-

vant features from physiological signals. These physiological features and the assigned labels

are then used with supervised ML algorithms to infer psychological states, including stress

and affect. DL can implement this workflow within a single neural network, thereby de-

veloping end-to-end models for stress and affect recognition [113]. DL approaches such as

CNNs, LSTMs, and the attention mechanism can extract relevant features from multiple

raw signals [257] and allow them to be fused [62, 252, 258]. More importantly, DL enables

multi-tasking, transfer learning, and meta-learning, allowing the model to recognize multi-

ple related psychological states from the same data. For example, a multi-task DL model

can recognize stress from objective measures (task-based labels) and subjective experiences

(self-reports), a transfer-learning DL model can learn to recognize emotions in a new domain

(e.g., workplace stress) by leveraging knowledge gained from a related domain (e.g., academic

stress), and a meta-learning DL model can quickly adapt to new users by learning how to

learn from a few examples, enabling personalized affect recognition systems. Based on these

insights, we propose the second guideline (G2): psychophysiological inference models should

incorporate advanced DL approaches, including multi-task, transfer, and meta-learning, to

ensure robustness, generalizability, and personalization across contexts and users.
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Guidelines for System Adaptation

The choice of medium, the means of communication through which the system adaptation

occurs, plays a crucial role in the effectiveness of systems with biocybernetic adaptation.

Physical objects integrate naturally into users’ daily lives, fostering engagement through di-

rect interaction and personalized feedback, but have limited customizability. Despite this,

they offer significant advantages in task-oriented scenarios in which tactile feedback enhances

the experience [32]. On the other hand, virtual interfaces offer unparalleled adaptability.

These media are particularly well-suited to creating dynamic and customizable user experi-

ences across mobile, desktop, and fully immersive VR platforms. Hybrid components that

merge physical and virtual elements can be used for applications that require a balance of

realism and interaction. The choice of medium should balance the complexity of integrating

psychophysiological inferences with ease of use to ensure user engagement and effective-

ness. Based on these insights, we propose the third guideline (G3): the choice of medium

should align with the application domain, balancing ecological validity, adaptability, and

ease of integrating psychophysiological inferences to maximize user engagement and system

effectiveness.

In the reviewed papers, the commonly used physiological signals include EDA, PPG, ECG,

and EMG, and the commonly inferred psychological states include stress, anxiety, valence,

and arousal. The selection of the psychological state depends mainly on the application,

and the selection of physiological signals primarily depends on the psychophysiological as-

sociation. For example, EDA and PPG are frequently used for inferring stress and arousal

due to their strong associations with autonomic responses. At the same time, ECG and

EMG are preferred in scenarios requiring precise cardiac or facial activity monitoring linked

to specific psychological states. Other factors influencing signal selection include ease of
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acquisition and obtrusiveness. For example, lab-based sensors are suitable for controlled

environments, whereas wearable sensors are more suitable for pervasive applications. Based

on these insights, we propose the fourth guideline (G4): select psychological states according

to the application goals, choose physiological signals with strong psychophysiological associ-

ations to those states, and ensure the chosen sensors are appropriate in terms of accuracy,

obtrusiveness, and ecological validity for the target medium.

ML and DL techniques were used to develop inference models for stress and affect recog-

nition, and the outputs of these models provide objective triggers for system adaptation.

Some systems used physiological triggers, such as deviations from baseline signals, rather

than psychophysiological inference models to trigger system adaptations. This approach

simplifies implementation and is particularly useful for applications requiring low computa-

tional overhead. However, systems that rely solely on physiological triggers lack precision, as

physiological changes may not directly correspond to specific psychological states. Moreover,

system adaptations may be generic or suboptimal without clear state inference, leading to

higher rates of false positives and negatives. Additionally, such systems are less general-

izable and scalable across users and applications. Based on these insights, we propose the

fifth guideline (G5): system adaptations should be driven by validated psychophysiological

inferences rather than raw physiological triggers to ensure precision, reduce false positives

and negatives, and enhance generalizability across users and contexts.

The effectiveness of systems with biocybernetic adaptations can be predominantly charac-

terized by their ability to fulfill their intended purpose. For example, the effectiveness of

a system designed to train users in arithmetic tests must improve users’ test performance.

However, systems should be evaluated for both affect recognition accuracy and system adap-

tation effectiveness to ensure that the outcome is... A multi-phase evaluation strategy,

involving separate test phases for psychophysiological inference and system adaptation, fol-
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lowed by holistic testing, can be effective. The inference recognition accuracy should be

directly assessed using objective measures, such as comparison with ground-truth data (e.g.,

self-reports). The effectiveness of system adaptation should be evaluated through its impact

on user experience, engagement, task performance, and cognitive and emotional outcomes.

Holistic testing can cover both these components to reveal the overall effectiveness of the

system. Based on these insights, we propose the sixth guideline (G6): system evaluations

should adopt a multi-phase strategy that separately validates inference accuracy and adapta-

tion effectiveness before holistic testing, ensuring both components contribute meaningfully

to overall system outcomes.

User studies should involve non-adaptive, randomly adaptive (inaccurate affect recognition),

and adaptive (accurate affect recognition) versions of the system to evaluate the added

value of adaptation. Combining quantitative and qualitative methods ensures a more com-

prehensive analysis. Quantitative metrics similar to those used by Gupta et al. [97] can

validate the system’s technical performance and cognitive and emotional aspects of user

experience. In contrast, qualitative insights from user interviews capture subjective ex-

periences. Feedback loops between inference models and adaptation mechanisms should

be evaluated for response latency, robustness, and user satisfaction. Longitudinal studies

are another important consideration, as they assess the long-term impact of the systems.

Finally, evaluations should prioritize real-world applicability by extending testing beyond

controlled environments. Based on these insights, we propose the seventh guideline (G7):

evaluations should compare adaptive, non-adaptive, and randomly adaptive systems using

mixed-method approaches, incorporate longitudinal and real-world testing, and assess feed-

back loops for latency, robustness, and user satisfaction to establish ecological validity and

long-term effectiveness.
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2.4.2 Critical Components

Apart from the lesson learned and suggested design guidelines, some critical components

within psychophysiological inference and system adaptation need careful consideration. They

include accounting for individual variability of physiological responses and deciding the ex-

tent of user involvement in system adaptation.

Individual Variability and Personalized Models

Variability in individuals’ psychophysiological responses is a significant challenge in designing

systems with biocybernetic adaptation. It is influenced by personal factors such as age,

gender, mood, experience, and cultural background [133]. For example, variability was found

in users’ reactions to stimuli, suggesting that unique personal attributes lead to inconsistent

physiological responses [260]. This variability often results in the inference models performing

well in subject-dependent scenarios but struggling to generalize across different users. This

issue can be addressed by having refined normalization and standardization techniques or

personalized models for individual users.

Personalized, user-dependent models, which account for each individual’s unique physiolog-

ical and psychological characteristics, generally outperform user-independent models that

combine data from diverse individuals [185]. For instance, deep neural networks have shown

higher accuracy in detecting emotional states when tailored to individual users, with ECG

features enhancing arousal and valence recognition [11]. Even techniques, such as cluster-

ing individuals based on similar mood perception [122] or preferences [55, 57], have proven

effective, allowing for high accuracy with reduced computational demands. However, subject-

specific datasets are smaller, and personalized models often underperform generalized mod-

els, highlighting the necessity for a diverse subject pool to improve reliability and generaliz-
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ability [237].

The Physiological Feedback Spectrum

As highlighted throughout this chapter, systems with biocybernetic adaptation are derived

from biofeedback technology but differ fundamentally in that they use physiological signals

to automatically drive system-level adaptations, often without requiring active user inter-

vention. This distinction can be used to categorize physiologically adaptive systems based

on the degree of user involvement in interpreting and responding to physiological data. This

categorization can be visualized in the form of a spectrum or continuum. On one end is

explicit feedback, where users actively engage with the data, while implicit feedback lies on

the other, with systems adapting autonomously to the user’s state. Between these extremes

are guided feedback, offering system-generated recommendations, and interactive feedback,

where the user’s actions and the system’s responses dynamically influence each other. These

categorizations are described in detail below.

Explicit Feedback: At the left end of the spectrum lies traditional biofeedback, where

physiological signals are measured and presented to users to self-regulate through audio [230],

visual [191], or haptic cues [167]. For instance, in exposure therapy, a user’s real-time stress

levels could be visualized as a progress bar, helping them understand their physiological

responses to specific stressors. By monitoring these visualizations, users can consciously

practice relaxation techniques or adjust their exposure strategy to control their stress levels.

This approach requires active engagement, as users must interpret and act on the feedback

to achieve the desired outcome.

Guided Feedback builds upon explicit feedback by pairing physiological signals with

system-generated recommendations or guidance [72]. Users are provided actionable insights
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based on the signals, blending self-regulation with external support. For instance, a fitness

app monitoring heart rate might suggest taking a break during a workout if it detects elevated

stress levels. By providing clear instructions, the system reduced the cognitive load on users,

allowing them to focus on following the guidance rather than interpreting raw physiological

data. This approach bridges the gap between user agency and system intervention.

Interactive Feedback introduces dynamic engagement, where physiological signals influ-

ence real-time changes in the environments or interface, creating a bidirectional interaction

between the user and the system [143]. For instance, consider a collaborative brainstorming

tool used in a corporate setting. During the virtual brainstorming session, the system mon-

itors participants’ physiological signals and detects signs of stress or disengagement in one

or more participants. In that case, it might alter the session dynamics by suggesting a quick

relaxation break, reshuffling teams, or providing prompts to reframe the discussion topic.

Participants can also actively influence the tool by providing verbal or gestural input.

Implicit feedback minimizes user involvement by enabling the system to adapt its behavior

based on physiological signals, without requiring explicit interpretation or action from the

user. This mechanism is central to systems with biocybernetic adaptation, where system

responses are seamlessly aligned with the user’s psychophysiological state. For example,

in a noise-canceling office environment designed to enhance productivity, wearable sensors

may continuously monitor employees’ stress levels and focus states. Upon detecting elevated

stress, the system can autonomously adjust environmental parameters, such as increasing

noise suppression, reducing intrusive sounds, or subtly modifying ambient conditions like

lighting. Additional environmental cues, such as gentle nature-inspired sounds, may be in-

troduced to lower cognitive load and promote relaxation. These adaptations occur without

requiring user awareness or direct engagement, thereby supporting unobtrusive and contin-

uous regulation of the user’s experience.
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Figure 2.7: Physiological feedback spectrum based on user involvement and computational
complexity.

2.4.3 Emerging Areas

Systems with biocybernetic adaptation are rapidly evolving, with emerging areas pushing the

boundaries of real-time physiological signal processing and adaptive system design. Among

these, Pervasive Biocybernetic Adaptation explores systems designed to operate unobtru-

sively in dynamic and uncontrolled environments. Simultaneously, biocybernetic adaptation

can enable the development of Empathy-Enabled Technologies that facilitate emotionally

intelligent human-to-human and human-to-machine interaction. These emerging areas are

described in more detail below.

Pervasive Biocybernetic Adaptation

Pervasive systems with biocybernetic adaptation can seamlessly integrate into everyday ap-

plications to enhance user experience, performance, and well-being. Examples of such sys-

tems in the reviewed papers included the Calmi system, where PPG, EDA, and ST were

used to infer stress levels and dynamically adapt to environmental factors in a smart home,

including lighting, soundscapes, and scent for stress management [143]. Such systems can

also be used in workplaces to mitigate fatigue and improve productivity by incorporating
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similar ambient adaptations and adjusting workstation ergonomics [15].

In education, such systems can monitor student engagement and dynamically adjust the

difficulty of learning materials to maintain focus and optimize outcomes. Wearable fitness

devices can use biocybernetic adaptation principles to increase user engagement by providing

feedback on physical activity, such as suggesting adjustments to workout intensity. Systems

like the Athlete Companion AI monitor fatigue and hydration levels to optimize training

regimens and prevent overexertion. In assistive technologies, such systems can be used

on wheelchairs to adjust seating angles based on muscle tension inferred from the user’s

physiological signals.

Despite their promise, pervasive systems with biocybernetic adaptation face significant chal-

lenges in real-world deployment. Accurate psychophysiological inference can be compromised

by environmental noise, spontaneous fluctuations in physiological signals, and the variabil-

ity inherent to dynamic, uncontrolled settings [260]. Furthermore, the effectiveness of such

systems depends on carefully calibrated adaptations; overly frequent, intrusive, or poorly

timed adjustments may lead to user fatigue, reduced engagement, or diminished trust in

the technology. Addressing these challenges is therefore critical to ensuring the reliability,

usability, and long-term acceptance of biocybernetic adaptation in everyday contexts.

Empathy-Enabled Technologies

Empathy is broadly defined as the capacity to understand and share the feelings of oth-

ers, and is commonly conceptualized in three forms: emotional, cognitive, and compas-

sionate empathy. Emotional empathy refers to directly sharing or resonating with another

person’s emotions, cognitive empathy emphasizes perspective-taking and understanding an-

other’s viewpoint, and compassionate empathy integrates both to motivate supportive ac-
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tion. Within Human-Computer Interaction (HCI), much of the research on empathy has

traditionally focused on systems, particularly VR and AR, as “empathy machines” designed

to elicit empathy in users. However, systems can also be imagined as an “empathic entity”

that empathizes with users by customizing the user experience, an approach reminiscent of

systems with biocybernetic adaptation.

Empathy-enabled technologies integrate these two perspectives by designing systems that

not only foster human-to-human empathy but also extend empathy to human-to-computer

interactions [60]. Such technologies can be regarded as a natural evolution of biocyber-

netic adaptation, building upon the ability to recognize and respond to users’ psychological

states. When integrated with Artificial Intelligence (AI), such technologies advance beyond

mere recognition and adaptation, positioning AI as an empathic agent capable of more nu-

anced inferences and responses [59]. Together, these advancements position empathy-enabled

technologies as a critical next step in designing human-centered systems that are adaptive,

intelligent, and capable of fostering meaningful emotional connections.

To achieve this, empathy-enabled technologies can leverage both verbal and non-verbal cues,

including tone of voice, prosody, facial expressions, body language, visual elements, color,

lighting, and music, to more responsive interactions with users [6, 45, 61, 84, 97, 128, 157, 169,

187, 226, 227]. Their applicability spans diverse domains, including customer service [106],

healthcare [145], personal assistants [128, 145], and privacy-sensitive contexts [56, 93], where

they enhance engagement, trust, and satisfaction through empathically informed responses.

Another representative example can be found in mental health, where a virtual therapist

may integrate physiological signals such as heart rate with linguistic features to infer stress

levels and provide personalized coping strategies.
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2.5 Conclusion

This chapter systematically reviewed the state-of-the-art research on psychophysiological

inference of stress and affect and physiology-driven system adaptation, the two foundational

components of systems with biocybernetic adaptation. The review highlighted the peripheral

physiological signals that are widely used for stress and affect recognition, supported by

preprocessing, feature extraction, and modeling methods ranging from traditional ML to

advanced DL approaches. It examined the importance of dataset quality, ecologically valid

stimuli, and labeling strategies in ensuring the reliability and generalizability of inference

models.

In parallel, the review analyzed physiology-driven system adaptations across diverse con-

texts, including training, mental health, and entertainment, using the Medium, Application,

Psychophysiological State, and Adaptation mechanism (MAPA) framework [172]. Adapta-

tion mechanisms were shown to vary across physical, virtual, and hybrid mediums, with

psychophysiological states such as stress, anxiety, valence, and arousal serving as key trig-

gers. Evaluations underscored the need for rigorous, multi-phase assessment of both infer-

ence accuracy and adaptation effectiveness, with real-world and longitudinal studies being

particularly important for ecological validity.

From this review, seven design guidelines (G1-G7) were synthesized to inform the devel-

opment of systems with biocybernetic adaptation. These guidelines emphasize: (1) train-

ing inference models with application-relevant stimuli and reliable labeling; (2) leveraging

advanced modeling techniques to ensure accuracy and robustness; (3) selecting mediums

that balance ecological validity, adaptability, and usability; (4) aligning psychophysiologi-

cal states and signals with application goals; (5) prioritizing validated psychophysiological

inferences over raw physiological triggers; (6) adopting multi-phase evaluations of inference
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and adaptation; and (7) employing mixed-method, longitudinal, and real-world evaluations

for effectiveness.

Finally, this chapter explored emerging directions, particularly pervasive biocybernetic adap-

tation and empathy-enabled technologies. These areas point toward the integration of biocy-

bernetic principles with pervasive computing and AI-driven empathy, broadening the scope

of applications from stress management to emotionally intelligent, human-centered tech-

nologies. While challenges remain, the reviewed literature provides a roadmap for advancing

robust, adaptive, and empathic systems. Building on these insights, the following chapters

will focus on the design, development, and evaluation of systems that incorporate biocyber-

netic adaptation for daily stress management.



Chapter 3

Wearables meets LLMs for Stress

Management

3.1 Introduction

As discussed, traditional approaches to stress management, such as therapy and structured

programs, are valuable but often constrained by accessibility, cost, and the lack of imme-

diacy. Wearable apps have emerged as promising tools for stress tracking, offering real-

time monitoring of physiological stress indicators to provide timely insights into stress lev-

els [86, 136, 222]. Complementing this, generative AI has been used to develop on-demand

mental health support chatbots [138, 150]. While LLM-driven solutions have shown promise

in supporting mental health diagnosis [180] and providing mental health first aid [115], they

often exhibit behaviors typical of low-quality support [38]. Recent LLM-powered journaling

approaches integrating passively collected behavioral patterns have enhanced self-awareness

and well-being [177]. However, passive smartphone data may miss momentary events (e.g.,

anxiety, frustration) that wearables may catch from physiological arousal.

This chapter takes the first steps towards investigating the opportunities and challenges in

integrating psychophysiological inferences with LLM chatbots to provide personalized inter-

ventions. A duoethnographic methodology, a collaborative autoethnography involving two

researchers, was employed to capture detailed, reflexive accounts of integrating these tech-

80
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nologies. In a 22-day study, two PhD students used CuesHub [44], an app for smartwatches

and smartphones that provides real-time, wearable-triggered stressor journaling. Simulta-

neously, both researchers used a personalized LLM-based stress intervention chatbot built

with OpenAI’s custom GPT. Each researcher developed prompt templates tailored to their

individual stress triggers, coping styles, and daily routines, using a lightweight framework in-

formed by contemporary stress-management strategies. This personalized approach allowed

a more nuanced exploration of how the integration of wearables and LLMs can be adapted

to user needs and preferences.

The motivation is to harness the complementary strengths of wearables and LLMs to develop

an integrated stress management solution. This research focuses on two questions: (1) How

often do users seek interventions for momentary events triggered by wearables? and (2)

How does integrating very brief descriptions of momentary events into LLMs enhance stress

management interventions? By documenting lived experiences, the aim is to inform the

design of an integrated system that can track stress in real time, provide interventions, adapt

to the complexities of individual users’ needs, and enhance the user experience. The final

goal is to articulate design considerations and insights to guide the design of an integrated

physiology-driven stress-management system.

Recent advances highlight the potential of integrating wearable apps with LLMs to sup-

port both continuous health monitoring and personalized therapeutic interventions. On

the monitoring side, Kim et al. [124] proposed Health-LLM, showing that context-enhanced

prompting enables LLMs to perform multi-task health prediction across domains such as

mental health, cardiac monitoring, and sleep. Fang et al. [75] presented PhysioLLM, an

interactive system that integrates statistical analyses of wearable data with LLM reasoning

to enhance personalization and user engagement. On the therapeutic applications side, Yang

et al. [250] developed ChatDiet, which combines wearable and user data with population nu-
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trition models to provide personalized dietary recommendations with high user alignment,

and Ahmed et al. [7] demonstrated the feasibility of using LLMs to analyze Fitbit and survey

data to generate personalized well-being recommendations for students.

3.2 Methods

3.2.1 Duoethnography

This study employs a duoethnographic approach, a qualitative method that explores how

two researchers interpret and make sense of shared experiences [40, 211]. It builds on au-

toethnographic methods [43, 67, 181, 234], which have been applied in diverse contexts,

including the use of LLM chatbots for thesis writing, creative expression, and to understand

the humanistic elements of self-identity [88, 182, 214]. For this study, two researchers inde-

pendently interacted with the wearable app and personalized LLM chatbots for stress man-

agement, documenting their experiences and reflections in autoethnographic diaries. This

approach provided introspective data on how integrating the two systems influenced per-

ceived effectiveness in managing everyday stress. Weekly meetings between the researchers

enabled shared reflection, discussion, and comparative analysis of individual perspectives.

The study’s insights into integrating wearable apps and LLM chatbots for stress management

were enriched by combining individual depth with collaborative breadth.

3.2.2 Wearable App for Stressor Monitoring

Both researchers wore Samsung Galaxy Watch 6 devices equipped with the CuesHub smart-

watch app [44], serving as the wearable AI platform for detecting physiological events associ-
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(a) Valence rating screen of the
prompted event

(b) Event description screen of the
prompted event

Figure 3.1: CuesHub app screenshots for recording valence and descriptions for events de-
tected by the smartwatch app

ated with stress. Upon detecting a physiological stress event, the smartwatch app prompted

researchers via their smartphones, requesting them to provide brief descriptions of the event.

Researchers rated the events using one of four options: Positive, Negative, Neutral, or No

(see Figure 3.1a). For responses indicating Positive, Negative, or Neutral, researchers were

further prompted to answer two questions: What was going on? and Where was this located?

(see Figure 3.1b).

3.2.3 Custom LLM Chatbots for Stress Intervention

The LLM chatbots employed in this study used OpenAI’s GPT-4 1 as their underlying lan-

guage model. To investigate the effectiveness of different interaction paradigms, we explored

two contrasting approaches to chatbot design, emphasizing distinct user experiences and
1https://openai.com/index/gpt-4/

https://openai.com/index/gpt-4/
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intervention delivery styles. Researcher A (RA) designed their chatbot, named DeStressify,

to emulate a zero-shot prompting approach akin to intervention systems that automatically

deliver stress interventions upon detecting a user’s stress [19, 109]. When experiencing the

need for intervention, Researcher A prompted the chatbot with their stressor and location.

Most interactions were transactional, consisting of a single prompt-response exchange where

the chatbot provided an intervention in the traditional instructive manner often used in text

messaging.

Researcher B (RB), on the other hand, adopted an end-of-day conversational approach for

their chatbot, named StressGPT. This chatbot was designed to facilitate a more therapy-like

interaction, enabling users to engage in dynamic, multi-turn dialogues. This conversational

style aimed to simulate collaborative interactions, with StressGPT mimicking personalized

coaching sessions by refining suggestions or providing layered support through iterative ex-

changes, enabling deeper reflection and tailored advice.

3.2.4 Data Collection and Analysis

Both researchers used the CuesHub app for 22 days. For stress events where researchers felt

the need for interventions, they voluntarily engaged with the LLM chatbots. RA, using De-

Stressify, engaged with the chatbot immediately (or soon) after prompts in the CuesHub app,

i.e., following a just-in-time zero-shot approach. RA incorporated the most recently logged

stressor and location from the CuesHub app into the chatbot prompt for each interaction.

RB, in contrast, engaged with StressGPT predominantly at the end of the day, consolidating

the day’s events and reflectively interacting with StressGPT. RB used the logged stressor

entries from the CuesHub app as a reference to interact with the chatbot. Please note that

even in the end-of-day conversational approach, prompts helped capture events that might
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(a) Number of Stressors and Interventions per day and Valence Pro-
portion of Events Detected by CuesHub for RA

(b) Valence Proportion of Events Detected by CuesHub for each re-
searcher

Figure 3.2: Frequency of stress events and interventions per day and valence distribution of
events detected by the CuesHub app
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have been overlooked.

After each engagement, researchers rated the intervention on a scale from Very poor to Very

good. Ratings were based on the immediate relevance and usefulness of the interventions

in addressing specific stress events. Both researchers employed distinct prompt engineering

strategies, guided by catalog patterns described in [241], ensuring tailored and meaningful

interactions with their respective LLM chatbots. Both researchers maintained a running

journal after each chatbot interaction, reflecting and documenting their perceptions of its

relevance, clarity, and impact.

Both researchers conducted a thematic analysis of data from weekly meeting transcripts,

journals, and stress events logged through the CuesHub app to examine chatbot usage,

intervention effectiveness, user experience, and the connection between wearable-detected

stress events and chatbot interactions. The analysis included design documentation detail-

ing chatbot customization and expectations, daily journals reflecting on the relevance and

effectiveness of interactions, and engagement logs tracking the frequency and content of

interactions.

3.3 Results

The results first describe the number of stress events detected by the wearable app and

assess their usefulness by comparing the intervention experiences of the just-in-time zero-

shot and end-of-day interactive approaches. Later, the qualitative findings from individual

researchers’ experiences and reflections in autoethnographic diaries are discussed.
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3.3.1 Stress Detected and the Need for Interventions

Diversity in Stress Events Detected

The stress events detected by the app and recorded by the researchers ranged from work-

related challenges, such as preparing complex drafts or debugging code, to social stressors,

like navigating difficult conversations or attending gatherings. Daily life stressors, including

routine tasks such as cooking or managing unexpected delays, were also captured, as were

positive stressors, such as celebrating achievements or enjoying successful interactions. Work-

related and social stressors often evoked a sense of urgency and anxiety, whereas daily-life

stressors tended to accumulate gradually, creating cumulative stress. Positive stressors, on

the other hand, brought excitement and a sense of fulfillment, often tied to personal growth

or future rewards. The researchers noted that the detected stress event varied in intensity

and impact.

Proportion of Stress Events requiring Interventions

The researchers logged 98 events (48 by RA and 50 by RB). Of these, 43, 30, and 25 events

were negative, neutral, and positive, respectively. Figure 3.2 shows the number of stress

events and how many were used for interventions on each day during the study. Of the 98

events, the researchers felt the need to engage with the chatbot in 22 events (RA = 16, RB =

6). Of those, 20 were negative, and 2 were neutral. Researchers required an intervention on

only half of those days when at least one stress event was reported. The rating distributions

of interventions were: for RA, Very poor (6.25%), Poor (18.75%), Acceptable (25.00%), Good

(43.75%), and Very good (6.25%); for RB, Acceptable (16.67%), Good (66.67%), and Very

good (16.67%).
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Interestingly, certain negative events, such as “Working on a paper,” “Rushing to catch a

flight,” “Completing pending work,” and “Feeling hungry,” did not require intervention. This

was attributed to various factors, including the perception that the event was manageable

without assistance, the stressor’s temporary or fleeting nature, or a personal preference for

self-reliance in handling the situation. This observation highlights that merely detecting a

stress state is insufficient; recognizing the specific stressor is critical for delivering tailored

interventions. Additionally, stress events such as “coding issues” sometimes warranted inter-

vention, but not consistently across all occurrences. This highlights that simply identifying

a stress event may be insufficient; participant feedback or additional contextual cues are

necessary to determine when an intervention is genuinely warranted.

Number of Interventions Required

RA primarily used DeStressify in real-time immediately after logging stressors that required

interventions, whereas RB engaged in conversation with StressGPT towards the end of the

day. Figure 3.2 illustrates that while the average number of stressors logged per day was

comparable for RA (2.18) and RB (2.27), RA engaged with interventions almost three times

more frequently per day (0.73) compared to RB (0.27). This suggests that real-time inter-

ventions are more likely to be utilized when stressors are momentary. Factors such as the

transient nature of specific stressors may make immediate intervention more relevant and

actionable, providing support precisely when needed. In contrast, engaging with StressGPT

at the end of the day may reduce the perceived need for interventions, as some stressors

may have already dissipated or been resolved by then. Although stressors such as “meeting

with professor” or “long wait time” were common for both researchers, only RA asked for

interventions.
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3.3.2 User Experience with the Integrated Systems

This section highlights common themes that emerged from both researchers’ experiences with

the wearable app and their personal LLM chatbots (DeStressify and StressGPT), offering

insights into the similarities in how these systems functioned and were perceived during

interactions.

Need for Continuity and Stressor Awareness in Chatbots

The LLM chatbot’s effectiveness was significantly hindered by its inconsistent integration

of continuity and contextual awareness, despite having access to the stressors. While it

occasionally referenced past interactions, it failed to do so regularly, making conversations

feel less personalized and lacking a sense of ongoing support. Rather than tailoring responses

to the history of stressors shared with the LLM chatbot, it often provided generic solutions

that did not address the evolving nature of the user’s challenges. RB noted, It felt like the

chatbot did not really know who I am and would have given similar responses to anyone

asking similar questions. This absence of context integration underscores the need for LLM

chatbots to track and link past stressors to current interactions, thereby enabling a more

dynamic, responsive system that delivers consistent, relevant support.

Striking Balance Between Emotional Support and Practicality

A key insight was the need for the LLM chatbots to balance emotional and practical support.

While practical strategies like time management and breathing exercises were helpful, they

were incomplete without emotional support. Purely emotional responses, without action-

able advice, were ineffective in addressing stressors. RA valued interventions that reframed
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emotional states, such as linking frustration to the PhD journey, while RB appreciated the

chatbot’s emojis, which felt like a human-like touch to the interaction. This underscores the

need for a holistic approach in which chatbots provide both emotional support and practical

guidance, ensuring that users feel fully supported in managing their stress.

Clarity and Precision in Chatbot’s Responses

Both researchers preferred concise responses from the LLM chatbot that directly addressed

their issues, as these reduced cognitive load and maintained efficiency in the interaction. RB

noted that the chatbot often provided long, structured responses to simple questions, which

made the conversation feel more mechanical and less human-like. On the other hand, RA

particularly appreciated interventions that offered an explicit, singular action or suggestion

rather than multiple options or vague guidance. This preference for specificity was especially

apparent in emotionally charged or complex situations, where a precise, direct solution was

more helpful than a broad range of solutions [38].

Targeted Interventions vs Human-Like Conversations

RA found that the wearable app, paired with the LLM chatbot, provided targeted inter-

ventions tailored to specific stressors with practical, actionable strategies. For work chal-

lenges, breaking tasks into smaller steps improved clarity, while physical activities and en-

vironmental changes helped reset mental states. Social stressors were addressed through

confidence-building interventions, like affirmations and reframing negative thoughts. Posi-

tive perspectives on frustrating situations also enhanced engagement and effectiveness. For

example, targeted interventions, such as structured debugging for stressors like replicating

a paper, were more effective than generic strategies, such as Progressive Muscle Relaxation
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(see 9.1.2). In contrast, generic responses, such as mindfulness exercises or repeated ad-

vice (e.g., “take a deep breath”), often caused frustration, thereby reducing the chatbot’s

perceived usefulness.

Although RB found StressGPT to be more human-like than other previously used rule-based

mental health chatbots. It often behaved like a general-purpose LLM chatbot, responding to

queries outside the stress management domain, thereby reducing its relevance. Additionally,

it was quick to offer suggestions without fully understanding the user’s stressor or context,

generating lengthy responses without asking clarifying questions. This lack of active listening

made the interaction feel less personal and empathic. The structured, verbose responses felt

robotic and detached, resembling those of a general-purpose LLM chatbot rather than a

specialized stress-management assistant. Furthermore, rapid text generation disrupted the

conversational flow, making it difficult to remain engaged as responses were produced before

they could be fully read.

Privacy Concerns

For DeStressify, RA only shared stressors that did not carry sensitive or risky identifiable

information. StressGPT raised privacy concerns for RB, especially when discussing sensitive

or deeply personal topics. RB expressed hesitation in fully opening up during interactions,

fearing that private information might not be adequately protected or might be misused. This

reluctance underscores the need for LLM chatbots to establish trust and security, ensuring

that users feel confident sharing personal information without fear of data breaches or misuse.

LLM chatbots for mental health must ensure privacy, clear data policies, and transparency,

thereby fostering trust and engagement and enabling more effective, personalized support.
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3.4 Discussions

This section discusses the opportunities and challenges of using wearable apps with LLM

chatbots for stress management, laying the groundwork for developing an integrated system.

3.4.1 Opportunities in Integrating Wearables and LLMs for Stress

Management

Prior research underscores the importance of interventions tailored to users’ specific stres-

sors [109, 231]. The findings of this study highlight the potential of wearable apps such as

CuesHub, which combine physiological data with contextual cues, to personalize interven-

tions. By integrating insights from wearable apps into LLMs, stress management systems

can provide more precise and responsive support that aligns with users’ needs. Such sys-

tems must transition from automatic, event-triggered responses to more selective approaches

that prioritize user needs and preferences. By analyzing stressor descriptions, systems can

more effectively distinguish events that require intervention, thereby improving relevance

and impact.

This study explored two approaches to engaging with the LLM chatbot: real-time and re-

flective interactions. In the real-time approach, delays in delivering interventions can signif-

icantly reduce their effectiveness, as stressors often require immediate attention. Although

the reflective approach can tolerate delays, it may still benefit from faster interactions, as

timely responses can help users process their experiences more effectively. By incorporating

proactive and predictive mechanisms, a system integrating wearables and LLMs can antic-

ipate potential stressors and intervene early, shifting from reactive to preemptive support

and enhancing overall stress management.



3.4. DISCUSSIONS 93

We also observed that the LLM chatbots sometimes successfully generated interventions

based on previously shared events but were limited to events for which users explicitly re-

quested support. Expanding its access to the whole history of wearable-detected events could

provide more context, enabling more personalized and informed interventions. Moreover, in-

tegrating memory and user history into LLM chatbot systems could significantly enhance

interaction continuity, enabling more personalized and consistent support across multiple

sessions. This continuity can foster a deeper sense of trust and connection between the

user and the chatbot, which is essential for building long-term engagement and effectively

addressing recurring stressors.

Lastly, our findings highlighted the potential of a physiology-driven, emotion-aware chatbot

to detect heightened stress cues and respond with a combination of practical solutions and

emotional comfort, while features like adaptive dialogue could further enrich the user experi-

ence. Stress management chatbots could be improved by emulating human-like interactions,

incorporating empathic communication and emotional intelligence, thereby better addressing

users’ emotional needs and fostering more compassionate, relevant exchanges. To conclude,

this study highlights both the critical need and the opportunity to integrate wearable apps

with LLM chatbots to predict stress and to align interventions with the stressor, ensuring

meaningful support without adding unnecessary cognitive load.

3.4.2 Challenges in Integrating Wearables and LLMs for Stress

Management

Advances in wearables and LLMs capable of generating adaptive interventions hold signif-

icant promise for stress management. A natural assumption might be that seamlessly con-

necting wearables to LLMs could create the ultimate stress management system. However,
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this study’s findings revealed several challenges in effectively integrating these technologies.

While LLMs excel at generating one-time interventions and engaging users in extended

conversational support, their integration with wearables raises significant questions about

whether their responses align with users’ descriptions of stress events. Firstly, our findings

reveal a discrepancy between stress detected by wearable AI and the user’s actual need

for intervention. Of 98 confirmed stress events, only 22 (approximately 20%) required an

intervention, indicating that delivering an intervention for every detected event may be

counterproductive.

The wearable app detects both positive and negative stress events. Interestingly, not all

negative events require intervention. In this study, fewer than half of the negative events

prompted a desire for intervention. Systems that push out interventions based solely on stress

detection (even if the AI were powerful enough to distinguish negative events from positive

or neutral ones automatically) can create unnecessary burdens, leading to disengagement

and reduced utility.

3.5 Study Limitation

This study has several limitations that impact its generalizability. The small sample size of

two researchers, both with expertise in wearables and LLMs, introduces potential bias and

restricts broader applicability. Additionally, the researcher’s perspectives, shaped by both

optimism about AI’s potential and caution regarding ethical concerns, may have influenced

our interpretation of results. The absence of control groups and standardized conditions

limits our ability to isolate the effects of wearable-triggered interventions. Furthermore,

the study relies primarily on subjective experiences and qualitative data, making it difficult

to assess the effectiveness of the intervention objectively. While we have expertise in AI
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and wearable technologies, our lack of formal training in mental health presents another

limitation.

3.6 Conclusion and Future Works

This study demonstrates the potential of integrating wearable apps with LLM chatbots

to offer valuable support for stress management, while also highlighting key areas for im-

provement for such an integration. The findings indicate that the perceived effectiveness and

impact of interventions are heavily influenced by factors such as timing, personalization, and

contextual relevance. Although the LLM chatbots provided valuable assistance, limitations

such as repetitive suggestions, lengthy responses, and limited retention of past interactions

often compromised their ability to provide truly impactful support. Looking ahead, systems

that integrate wearables with LLMs have the potential to become more adaptive, effective,

and user-centered, offering real-time, comprehensive, and personalized support for stress

management.



Chapter 4

Physiology-Driven Empathic LLMs

for Stress Management

4.1 Introduction

The previous chapter demonstrated the opportunities and challenges of manually integrating

wearable apps for stress monitoring with LLM chatbots for stress interventions as a holistic

system for stress management. This chapter introduces the physiology-driven Empathic

Large Language Models (EmLLMs) framework, which automatically integrates wearables

with LLM chatbots. Physiology-driven EmLLMs aim to tightly couple users’ internal states

with the generative capabilities of LLMs, enabling real-time empathic interaction grounded

in the user’s state. The physiology-driven EmLLM chatbot prototype for stress management

integrates users’ stress to inform the LLM’s conversational strategies.

Physiology-driven adaptation offers several advantages for stress management. First, physi-

ological signals offer reliable monitoring and insight into stress in everyday contexts and are

less susceptible to conscious masking than behavioral cues. Second, integrating these signals

with LLMs allows chatbots to recognize when interventions are genuinely needed, reducing

the risk of over-notification and intervention fatigue. Third, embedding stress inferences

facilitates empathic reasoning in LLM interactions, and EmLLMs can balance emotional

validation with actionable guidance, thereby strengthening the therapeutic alliance that is

96
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Figure 4.1: Proposed Empathic Large Language Model (EmLLM) Approach

often absent in traditional chatbots.

This chapter builds on insights from the duoethnographic study in the last chapter to outline

the design, implementation, and preliminary evaluation of the physiology-driven EmLLM

chatbot for daily stress management. We explore how physiology-driven dialogue adapta-

tion can (i) enhance personalization in stress interventions, (ii) improve user engagement

and trust, and (iii) support empathic and contextually relevant conversations. By ground-

ing LLM behavior in psychophysiological evidence, the integrated system represents a step

toward more human-centered and adaptive digital mental health systems that can address

the complex, evolving needs of users in daily life.
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4.2 The Physiology-driven EmLLM Framework

EmLLMs, similar to the empathy-enabled technologies 2.4.3, focus on using multimodal user

data to facilitate empathy in human-human and human-AI interactions. EmLLMs are re-

sponsible not only for inferring users’ state from multimodal user data, but also for generating

relevant content that aligns with or supports that state. LLMs can infer users’ states from

the text, audio, visual, and wearable data collected from smartphones, wristbands, smart-

watches, and immersive reality headsets. Based on the user’s state, LLM content generation

can include generating text, audio, video, and 3D objects to enhance the user experience or

support the user. Physiology-driven EmLLMs specifically use physiological signals to infer

users’ states and generate relevant content. To this end, the design of physiology-driven

EmLLMs is similar to that of systems with biocybernetic adaptation.

4.3 Prototype Development

Based on the EmLLM framework, a prototype physiology-driven EmLLM chatbot for stress

management was developed. This chatbot passively monitors user physiological signals from

the Empatica EmbracePlus smartwatch and provides end-of-day interventions [59]. The

EmbracePlus smartwatch monitors users’ Photoplethysmography (PPG), Electrodermal Ac-

tivity (EDA), and Skin Temperature (ST) using optical sensors and stores the raw data in

an Amazon S3 bucket.

Since LLMs specialize in language comprehension and generation and are not trained to infer

psychological states from physiological signals, an end-to-end, multi-channel 1D deep CNN

model was used to infer stress from psychophysiological signals for the LLM. The model’s

inferences are provided to the LLM chatbot as textual prompts to interpret user states from
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physiological signals. The inference model was trained and tested on the Wearable Stress

and Affect Detection (WESAD) dataset [212] using a Leave-One-Subject-Out (LOSO) cross-

validation approach to classify user states as stressed and non-stressed. The model was

optimized using the Adam optimizer and the Binary Cross-Entropy loss function.

The physiology-driven EmLLM chatbot provided stress interventions by generating support-

ive text tailored to the user’s state. To enable this, an open-source LLM, Falcon-7B [9], was

fine-tuned using the Quantized Low-Rank Adaptation (QLoRA) technique [50] on a men-

tal health dataset. This dataset was scraped from mental health websites and comprises

conversational pairs, including patient questions and corresponding answers from mental

health professionals. The fine-tuned model was then prompt-engineered to function as a

trained psychologist, adhere to Cognitive Behavior Therapy (CBT) principles, and provide

clarifications when it cannot answer a query. The chatbot, which integrates the model for

psychophysiological inference of stress with the customized Falcon-7B LLM, was deployed

via a web-based interface to enable personalized stress management.

4.4 Pilot Study

4.4.1 Study Protocol

An in-the-wild pilot study involving eight doctoral students (5 men, 3 women; age range 23-

37, mean=30.5) who wore the Empatica EmbracePlus smartwatch throughout their workday

and interacted with the chatbot at the end of the day. The study evaluated the chatbot’s

ability to accurately detect user stress, deliver human-like responses, and provide therapeutic

support.

Participants were recruited from the Center of Human-Computer Interaction (CHCI) com-
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munity at Virginia Tech based on the following inclusion criteria: (1) currently enrolled

doctoral students, (2) no history of severe mental health conditions. Doctoral students were

selected as the target population due to their known susceptibility to high cognitive load

and chronic stress in academic environments [205, 210]. All participants provided informed

consent and received training in the use of smartwatches and the chatbot before data col-

lection.

At the beginning of each workday, participants completed a pre-task Short Stress State Ques-

tionnaire (SSSQ) [105] and were fitted with the smartwatch. They then resumed their daily

academic or professional activities while continuously wearing the device, following instruc-

tions to avoid altering its position and to refrain from consuming mood-altering substances

or engaging in strenuous exercise.

At the end of each workday, which lasted approximately 4-5 hours, participants removed their

smartwatches and completed the post-task SSSQ. They then interacted with the EmLLM

chatbot for at least 15 minutes. The chatbot greeted each user by name, presented their

predicted stress level, and invited them to discuss any stressors they were experiencing. After

the session, participants completed the Godspeed questionnaire [17], and the Session Rating

Scale (SRS) [63], and were encouraged to provide additional qualitative feedback.

The SSSQ is an adaptation of the Dundee Stress State Questionnaire (DSSSQ) that mea-

sures engagement, distress, and worry, providing pre- and post-task stress indicators [105].

These indicators were compared with the chatbot’s predictions to validate its accuracy. The

Godspeed questionnaire, commonly used in human-robot interaction studies, assessed par-

ticipant perceptions of intelligence, friendliness, and ease of use [17]. The SRS captured

users’ subjective session experiences by gauging therapeutic alliance, helping us determine

the EmLLM chatbot’s efficacy as a supportive tool [63].
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4.5 Results

The results of this pilot study are categorized into four sections: (1) prevalence of high stress

among graduate students; (2) the performance of the model for psychophysiological inference

of stress; (3) the user experience with the physiology-driven EmLLM chatbot; and (4) the

perceived quality and effectiveness of stress management intervention.

4.5.1 High Stress among Graduate Students

The SSSQ measures three psychological dimensions relevant to high-stress contexts: distress,

engagement, and worry. A repeated-measures analysis was conducted to compare scores at

two points in the workday (pre- and post-) to identify fluctuations in stressful states that

graduate students encounter in real-world academic settings.

On average, distress scores were low to moderate both pre- and post-task (Dpre ≈ 1.7,

Dpost ≈ 1.6), suggesting relatively low negative affective arousal. Engagement scores were

consistently high (Epre ≈ 3.8, Epost ≈ 3.9), indicating that participants maintained atten-

tional focus and involvement throughout. Worry scores began at a moderate-to-high level

(Wpre ≈ 3.3) and decreased post-task (Wpost ≈ 2.6), indicating a reduction in ruminative

thought patterns over the workday.

The analysis revealed a statistically significant reduction in worry across the workday (mean

difference ≈ −0.67, p < 0.05), suggesting that anticipatory and ruminative stress symptoms

tended to subside as the day progressed. By contrast, engagement remained stable (mean

difference ≈ 0.11, p ≈ 0.51), indicating consistent levels of attentional focus and involvement,

while distress showed no significant change (mean difference ≈ −0.09, p ≈ 0.78). Together,

these results suggest that although graduate students exhibit consistently high engagement
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Figure 4.2: Average Distress, Engagement, and Worry States of all Participants at the
beginning of workday (Pre) and end of workday (Post)

and low distress, they experience moderate-to-high levels of worry during their workday,

with worry being the most dynamic and burdensome stress component (Figure 4.2).

4.5.2 Performance of Stress Detection Model

As discussed, the stress detection model was first trained and validated on the publicly

available Wearable Stress and Affect Detection (WESAD) dataset. Using leave-one-subject-

out (LOSO) cross-validation, the model achieved an accuracy of 0.85 across participants,

demonstrating strong performance in distinguishing between stressed and non-stressed states

under controlled conditions. This accuracy exceeds that of ML models developed using hand-

crafted features.

To evaluate model performance in our real-world deployment, the SSSQ served as the ground-
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truth reference. For each participant, changes in engagement, distress, and worry between

pre- and post-task sessions were used to compute a stress index (∆D + ∆W − ∆E). Par-

ticipants were then manually classified as “Stressed” if their stress index was greater than

or equal to zero, and “Not Stressed” otherwise. This procedure provided a transparent,

questionnaire-based classification of workday stress experiences.

The SSSQ-based classification was compared with the model’s inferences aggregated across

the day. As shown in Table 4.1, the model correctly classified four of the eight participants,

resulting in an overall accuracy of 0.50 in real-world deployment. This discrepancy highlights

a notable performance gap between model accuracy in controlled training datasets and noisy

real-world contexts. Specifically, the model tended to overpredict stress, classifying several

participants as “Stressed” despite SSSQ scores indicating otherwise. These results emphasize

that while stress detection models generalize well on benchmark datasets, their robustness

under naturalistic conditions requires further refinement and calibration.

Table 4.1: Comparison of SSSQ-based and Model-based Stress Classification

Participant ∆E ∆D ∆W Stress Index SSSQ Model (avg)
1 -0.125 0 -0.625 -0.5 Not Stressed Stressed
2 -0.25 0 -0.125 0.125 Stressed Stressed
3 0.75 0.125 0 -0.625 Not Stressed Stressed
4 0.125 -1.375 -0.875 -2.375 Not Stressed Stressed
5 0.375 1.75 -0.375 1 Stressed Stressed
6 0.5 -0.25 -1.625 -2.375 Not Stressed Not Stressed
7 0.125 -0.25 -0.375 -0.75 Not Stressed Stressed
8 -0.625 -0.75 -1.375 -1.5 Not Stressed Not Stressed

4.5.3 User Experience with the Integrated System

As discussed, the Godspeed Questionnaire was used to assess the physiology-driven EmLLM

chatbot’s intelligence, friendliness, and ease of use. It evaluates participants’ perceptions
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of the chatbot across five constructs: competence, responsiveness, human-like responses,

conversational elegance, and pleasantness. The results indicate that the chatbot was per-

ceived as reasonably competent (M = 3.5) and responsive (M = 3.63), suggesting that users

perceived the system as able to understand inputs and provide timely responses. However,

participants were less impressed with the chatbot’s ability to produce human-like responses

(M = 2.88) and conversational elegance (M = 2.88), indicating that interactions often felt

artificial or mechanical rather than natural. Similarly, the pleasantness of the interaction

was rated only moderately (M = 3.0), indicating a neutral-to-slightly positive affective im-

pression of the chatbot.

Qualitative feedback provides further insights into these perceptions. A recurring concern

raised by all participants was that the chatbot occasionally “started talking in Spanish,’’

likely due to the presence of Spanish-language pairs in the fine-tuning dataset. This un-

expected behavior detracted from conversational smoothness and coherence, contributing

to lower scores in human-likeness and conversational elegance. Some participants also ex-

pressed surprise when the chatbot’s stress recognition of their day contradicted their own

expectations, indicating mismatches between physiological inference and self-perception. Ad-

ditionally, participants expressed a desire for greater continuity and personalization, noting

that the chatbot should remember past conversations and provide richer feedback drawn

from smartwatch data. Privacy concerns also arose when one participant expressed that

“someone would see” their conversations.

4.5.4 Quality and Effectiveness of Stress Intervention

As discussed, the SRS was used to assess participants’ perceptions of the chatbot’s stress

intervention’s quality and effectiveness. Overall, the chatbot demonstrated the ability to
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Figure 4.3: Mean Godspeed Questionnaire ratings (1-5 scale) for user perceptions of the
chatbot across five constructs.

establish a positive therapeutic alliance with users. Participants rated the overall quality

of the session as moderate (M = 3.25). They perceived the chatbot as relatively empathic

(M = 3.63), suggesting that the system conveyed understanding and support during stressful

moments. Participants also evaluated the intervention as relevant to their needs (M = 3.75),

a reasonably good fit for their situation (M = 3.38), and appropriate for them (M =

3.25). These results indicate that, although there is room for improvement, the chatbot’s

interventions were generally well received and perceived as contextually meaningful.

Qualitative feedback further enriches this picture. Many participants described the EmLLM

chatbot as “therapist-like” and valued its ability to provide “good counsel.” They high-

lighted that the chatbot did more than provide generic advice; it asked probing questions

that encouraged reflection and offered contextualized reasoning for its responses. This be-

havior contrasted positively with experiences of conventional chatbots such as ChatGPT,

which participants felt delivered less personalized and more templated responses. From a
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stress intervention perspective, these qualities are crucial for fostering user trust and engage-

ment and positioning the chatbot as a potentially effective digital tool for supporting stress

management.

Figure 4.4: Mean SRS ratings (1-5 scale) for participants’ perceptions of the chatbot’s in-
tervention quality and effectiveness across five constructs.

4.6 Discussion

This section discusses lessons learned from designing, developing, and evaluating the physiology-

driven EmLLM chatbot for daily stress management, as well as the advancements needed to

enable a pervasive system for daily stress management.
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4.6.1 Model Design Trade-offs in Psychophysiological Inference

Developing accurate and robust psychophysiological inference models requires navigating

several design trade-offs related to model generalization, data selection, and feature en-

gineering. Generalized models that aggregate physiological data across participants often

achieve higher accuracy but raise concerns about their robustness across individuals and

diverse contexts. In contrast, personalized models tailor inference to individual variations,

enhancing sensitivity to user-specific physiological patterns but limiting scalability across

larger populations. This tension between scalability and personalization reflects a central

challenge in psychophysiological inference of stress and affect.

A second trade-off arises in the choice of data. Physiological signals such as PPG, EDA, and

ST are validated correlates of stress and emotion. In contrast, contextual, non-physiological

features (e.g., activity, environment) may provide complementary information but also in-

troduce confounding. Although data-hungry models benefit from larger feature sets, incor-

porating signals without a clear psychological grounding can lead to overfitting and reduce

interpretability. Thus, more data does not necessarily guarantee greater accuracy; instead,

the quality and theoretical validity of the data are paramount.

Finally, feature engineering presents a further dilemma. Handcrafted features enable re-

searchers to highlight potentially informative physiological markers while preserving inter-

pretability. However, there is little consensus on the “best” features, and selection often

prioritizes model accuracy over theory. End-to-end deep learning approaches bypass this

step, automatically learning representations from raw signals and improving generalization,

yet at the cost of transparency. These black-box models may offer strong performance but

provide limited insight into the mechanisms of inference.
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4.6.2 Challenges in Real-World Deployment of the Integrated Sys-

tem

While controlled experiments provide reliable conditions for training psychophysiological

inference models, their ecological validity is limited. Models are typically trained on data

collected in laboratory settings, where stress can be precisely induced and labeled. However,

when deployed in naturalistic contexts, such as in our EmLLM pilot study, data collection

captures the richness of real-world experiences but also introduces substantial noise and

artifacts. This trade-off underscores the difficulty of ensuring both experimental rigor and

real-world generalizability, highlighting the need for inference models that remain robust to

variability in everyday settings.

Integrating these inferences into LLMs through biocybernetic adaptation further compounds

this challenge. Prompt engineering provides one mechanism to adapt LLM outputs based on

user states, but it cannot ensure consistent or context-sensitive behavior. More sophisticated

strategies involve fine-tuning on multimodal datasets and adapting input architectures to

process physiological signals alongside textual and contextual inputs. Achieving effective

biocybernetic adaptation, therefore, requires models that can learn and correlate across

heterogeneous data streams while maintaining empathetic, user-centered interactions.

Finally, real-world deployment in sensitive domains such as mental health raises critical pri-

vacy, security, and ethical concerns. Physiological signals and conversational data constitute

highly intimate information, and inadequate safeguards risk breaches of confidentiality and

erosion of user trust. Participants in the pilot study voiced concerns about the visibility of

their conversations, reinforcing the importance of transparency, user control, and stringent

data protection protocols. Embedding robust ethical guidelines and privacy-preserving mech-

anisms into system design is not only a regulatory necessity but also essential for fostering
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long-term trust and adoption of such systems.

4.7 Conclusion, Limitations, and Future Works

This chapter presented the concept, design, development, and evaluation of physiology-

driven EmLLMs for stress management. By integrating psychophysiological inference with

the generative and adaptive capabilities of LLMs, physiology-driven EmLLMs constitute

a new class of digital mental health systems that support biocybernetic adaptation. The

pilot study demonstrated both the promise and the challenges of this approach: graduate

students experienced high levels of worry during their workday; the inference model achieved

strong performance on benchmark datasets but only moderate accuracy in the field; and the

chatbot was perceived as competent, responsive, and, at times, “therapist-like.”

Despite these contributions, several limitations must be acknowledged. First, the prototype

was deployed on a web-based interface, which may not align with users’ everyday workflows

and limits portability. For everyday use, a mobile application is necessary to provide seamless

and unobtrusive access to stress monitoring and interventions. Second, the pilot study

involved a small, homogenous sample of eight doctoral students. Third, the stress detection

model tended to overpredict stress in real-world conditions. This is primarily due to a

mismatch between the stimuli, resolution, and personalization of the data used to train the

models and that used to make stress detections. Finally, the fine-tuned LLM occasionally

produced unexpected outputs, reflecting limitations in dataset curation and highlighting the

risks of bias and instability in LLMs.

Future work will address these limitations in several ways. A priority is the development of

a mobile version of the EmLLM system that integrates seamlessly with wearable devices to

support continuous, in situ stress management. Improving stress inference under real-world
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conditions will require hybrid models that combine physiological signals with contextual

information while maintaining interpretability and avoiding overfitting. On the chatbot side,

integrating long-term memory and personalization mechanisms could enable richer, more

coherent support across sessions. Addressing the risks of bias and instability in LLMs will

be essential for user trust and adoption. Finally, scaling up evaluation with larger and more

diverse populations over longer durations will be critical for assessing both the therapeutic

effectiveness and the long-term engagement potential of physiology-driven EmLLMs.



Chapter 5

EmBot: A Mobile App Integrating

Wearables and LLMs for Stress

Management

5.1 Introduction

The last chapter introduced Physiology-Driven Empathic Large Language Models (Em-

LLMs) and presented the design, development, and evaluation of a web-based prototype

that integrated psychophysiological inference with LLMs for stress management. While this

prototype demonstrated the system’s promise of integrating wearables and LLMs, it also

revealed important limitations, particularly its reliance on a web interface that constrained

everyday accessibility and seamless use. For such systems to become practical and pervasive

in daily life, they must be implemented as mobile applications that integrate seamlessly with

wearable devices and deliver timely, personalized interventions in situ.

This chapter introduces EmBot, a mobile application that integrates wearable-based physio-

logical sensing with LLMs for stress management. Building on the EmLLM framework, Em-

Bot combines continuous monitoring of physiological signals with LLM-driven interventions

to provide real-time empathic support in everyday contexts. Unlike standalone wearable

111
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apps that provide static feedback or chatbots that rely on manual input, EmBot integrates

sensing, inference, and empathic dialogue within a single mobile platform, enabling more

adaptive, engaging, and user-centered mental health support for stress management.

The development of EmBot addresses three key challenges identified in prior chapters. First,

by leveraging smartphone-based wearable data acquisition pipelines, EmBot supports every-

day accessibility and portability, ensuring that interventions are available when and where

stress occurs. Second, by integrating psychophysiological inference models for stress recogni-

tion with LLM-driven conversational strategies, EmBot enables personalized and empathic

dialogue, reducing the risk of generic or irrelevant responses. Third, by deploying the system

as a mobile app, EmBot enhances sustained engagement, embedding stress management into

daily routines rather than requiring planned, deliberate use.

This study differs from the one discussed in the previous chapter in several respects. To

evaluate systems integrating wearables with LLMs for mental health, we conducted semi-

structured interviews with 16 mental health experts, rather than conducting daily evaluations

with graduate students. EmBot was used as a design probe to identify the opportunities,

limitations, and risks of integrating wearables with LLMs for mental health, rather than

to evaluate performance, user experience, or intervention effectiveness. This expert-in-the-

loop evaluation provides a unique perspective on EmBot’s development in clinical practice.

Guided by these engagements, this chapter addresses the following research questions:

• RQ1: What are the opportunities for integrating wearables and LLMs for mental

health applications?

• RQ2: What are the design implications for developing hybrid wearable-LLM systems

for mental health applications?



5.2. SYSTEM DESCRIPTION 113

5.2 System Description

EmBot (Figure 5.1) is a novel mobile system integrating wearables and LLMs for daily

stress management. It continuously monitors physiological signals from a connected wearable

device to detect user stress in real time and to provide interventions via an LLM chatbot.

EmBot is organized around four key interaction stages: Detection, Feedback, Support, and

Reflection.

1. Detection: EmBot continuously monitors users’ physiological signals, including EDA,

PPG, and ST, from a medical-grade wearable device to detect psychophysiological

stress. When stress is detected, EmBot sends a push notification prompting the user

to open the app and review the detection. This stage positions EmBot as a proactive

companion, bridging the gap between passive monitoring and timely intervention.

2. Feedback: Once the app is opened, users are shown the detected stress level and asked

to indicate whether they agree or disagree with the detection. This feedback ensures

that users remain the final authority on how their wearable data is interpreted, reducing

the risk of detection errors. It can also help refine detection models by capturing

personalized stress patterns over time.

3. Support: After the user provides feedback, EmBot initiates an LLM-driven chat and

provides the LLM with contextual input, including the detected stress level and user

feedback, enabling it to launch an empathic and context-aware conversation. The LLM

provides supportive dialogue, reflective prompts, and coping suggestions in natural

language, moving beyond static interventions to offer dynamic and emotionally attuned

support.

4. Reflection: EmBot also maintains a history of stress detections and past conver-
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sations, which users can revisit at any time. This reflective feature enables users to

review stress patterns, track coping strategies, and build self-awareness across time.

By combining objective wearable sensing with subjective reflection, EmBot supports

both immediate relief and long-term stress management.

5.2.1 Design Considerations

The following design considerations were incorporated into EmBot to enhance personaliza-

tion, engagement, and trustworthiness in everyday stress management.

Stress Detection

EmBot employs a DL model for classifying stress as “stressed” or “not stressed.” User-specific

feedback is collected to ensure that users’ momentary assessments take precedence over

predictions made from wearable data. The stress detection model runs continuously, with

detections made every 15-20 minutes. All “stressed” events detected by the model trigger

notifications, whereas “not stressed” events are stored for reference. Daily notifications are

further limited to 10 to avoid intervention fatigue.

LLM Customization

EmBot leverages prompt-engineered LLMs to deliver context-aware, reflective conversations

that resemble talk therapy rather than static reminders. The LLM is provided with con-

textual information (detected stress event, user feedback, and history) to generate responses

that feel empathic and supportive. Prompts are designed to encourage self-reflection and

the use of coping strategies while maintaining the conversational tone of a supportive friend.

Additionally, the LLM is instructed to identify potential stress cues in the conversation itself,
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supplementing wearable-based detection with conversational inference.

Privacy and Security

Considering the sensitivity of physiological and conversational data, privacy and security

are foundational design considerations. Users access the app through secure registration and

login, ensuring controlled access to personal records. To protect user data, EmBot prioritizes

on-device computation and local storage wherever possible, minimizing exposure to external

servers. This design aligns with responsible AI principles and supports user trust by giving

individuals control over their own data.

5.2.2 System Implementation

The EmBot backend was developed in Python. The stress detection DL model was im-

plemented using PyTorch, and selected personalization strategies are incorporated into the

model pipeline. The LLM component was also integrated in the backend, with LLM cus-

tomization implemented in Python and LangChain. Custom prompts were designed to elicit

supportive, reflective conversations that adapt to user input, ensuring that responses remain

contextually grounded in both stress detection and user feedback. The EmBot frontend was

implemented as an Android application. Together, the backend and frontend form a hy-

brid wearable-LLM system that integrates wearables and LLMs within an accessible mobile

application.
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(a) Stage 1a, De-
tection: Notifica-
tion when stress
is detected.

(b) Stage 1b, De-
tection: Screen
with real-time
stress detection.

(c) Stage 2, Feed-
back: User stress
detection agree-
ment scale.

(d) Stage 3, Sup-
port: In-app chat
support powered
by LLM.

(e) Stage 4, Re-
flection: History
with all stress de-
tections.

Figure 5.1: Interaction Stages in EmBot: Detection, Feedback, Support, and Reflection.

5.3 Study Design

We conducted semi-structured interviews with 16 mental health experts, using EmBot as

a design probe to elicit their perspectives on the opportunities and design implications of

hybrid wearable-LLM systems. This approach was chosen because prior studies on such

integrated systems have focused on graduate students, and expert interviews are well-suited

to exploring emerging socio-technical systems. More importantly, this study design enabled

us to address our research questions by eliciting expert reflections on opportunities (RQ1)

and by using EmBot to ground the discussion in a concrete artifact that revealed design

implications for future systems (RQ2).
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5.3.1 Methodology

Semi-structured interviews were employed to ensure consistency across participants and to

allow for flexibility in following up on unanticipated insights. Experts were first invited to

share their experiences with wearables and LLMs in mental health contexts, and then asked

to envision the integrated system.

To ground these reflections, EmBot was introduced as a design probe. The prototype served

as a concrete artifact to anchor the discussion, enabling experts to articulate their expecta-

tions and identify design opportunities. Experts evaluated how EmBot aligned with their

envisioned hybrid wearable-LLM systems and suggested improvements to the existing design.

Participation was voluntary, and each interview lasted approximately 45-60 minutes and was

conducted either remotely via a secure videoconferencing platform or in person (whichever

was possible). A list of questions that were asked in the semi-structured interview is pro-

vided in the supplementary material. The Institutional Review Boards approved all study

procedures, and informed consent was obtained from all experts before the interviews.

5.3.2 Participants

A total of 16 mental health experts were recruited through purposive and snowball sampling,

using email invitations circulated within professional networks. The sample included 8 PhD

candidates and 3 postdoctoral researchers in digital mental health, 2 assistant professors and

1 distinguished professor in clinical psychology, 1 practicing psychologist, and 1 psychiatrist

with an academic appointment. Their areas of expertise spanned cognitive behavior therapy,

stress detection, mobile and wearable sensing, digital phenotyping, clinical intervention,

machine learning, and human-centered AI design. This diversity enabled us to capture both
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Table 5.1: Expert role and expertise.

ID Role Area of Expertise
E1 Psychologist Cognitive behavior therapy, lifestyle changes, virtual reality
E2 PhD Candidate Personnel selection, clinical intervention, machine learning,

natural language processing
E4 PhD Candidate Digital mental health, smartphones, machine learning
E5 Postdoctoral Researcher Cognitive neuroscience, physiology, eye-tracking
E6 Assistant Professor,

M.D.
Digital mental health, digital phenotyping, LLMs

E7 PhD Candidate Digital health, ubiquitous computing, human-computer in-
teraction

E8 Postdoctoral Researcher Digital mental health, ubiquitous computing, human-
centered AI

E10 Postdoctoral Researcher Passive smartphone sensing, machine learning, mood and
behavior modeling

E12 PhD Candidate Stress detection, mobile health, machine learning, deep
learning

E13 PhD Candidate Mobile sensing, digital health, eating disorders, self-control,
emotion regulation

E14 PhD Candidate Ecological momentary assessment, wearable sensing, eating
disorders

E15 Distinguished Professor,
Psychology

Clinical child and adolescent psychology, developmental psy-
chopathology, cognitive behavior therapy, social cognitive
learning theory

E16 PhD Candidate Healthy aging, daily experiences, multimorbidity
E17 Assistant Professor, Psy-

chology
Emotion regulation, executive function, adolescent psychol-
ogy

E18 Assistant Professor, Psy-
chology

Ecological momentary assessment, intimate partner vio-
lence, substance use, dating violence, mindfulness

emerging and established perspectives on the integration of wearables and LLMs for mental

health. Data from one expert (E11) was partially included, and data from two experts (E3

and E9) were excluded entirely from the analysis due to technical recording issues. Table

5.1 provides details on the experts’ roles and expertise.
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5.3.3 Analysis

We adopted a hybrid approach combining inductive and deductive coding to identify emer-

gent codes, after which the two sets were consolidated into final themes. First, two re-

searchers independently conducted inductive coding of the interview transcripts to identify

preliminary codes and surface emerging patterns. Next, we used LLM-Assisted Thematic

Analysis (LATA) [239], a newly validated method for inductive coding that leverages LLMs

to generate additional codes and themes. This step served as a complementary step to ensure

breadth in the inductive codes. The final set of inductive codes was consolidated through

iterative comparison between the manually derived and LLM-assisted outputs, followed by

collaborative discussions to resolve discrepancies.

We then applied deductive coding using theoretical frameworks from Human-Centered AI [217],

Biocybernetic Adaptation [70], and Human-AI Interaction guidelines [13]. Two researchers

independently performed the deductive coding, which was then compared with the inductive

codes. Through collaborative discussions, the two sets were refined and consolidated into

a final thematic structure. Disagreements were resolved by consensus, and the resulting

themes were validated through repeated close readings of the data to ensure both theoretical

grounding and empirical robustness. The final codebook is provided in the Supplementary

Materials.

5.4 Findings

In this section, we present expert perspectives on integrating wearables and LLMs for mental

health applications. We organize the findings into three themes: (1) gaps in traditional

practice, (2) limitations with wearables and LLMs, and (3) opportunities for hybrid wearable-
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LLM systems. We then present expert feedback on the EmBot prototype.

5.4.1 Gaps in Traditional Practice

Traditional practice in mental health monitoring primarily relied on daily diaries [10], jour-

naling [79], and Ecological Momentary Assessments (EMAs) [68]. Experts highlighted that

the most common method for in-situ monitoring is EMAs. They have transitioned from

paper- and telephone-based formats to smartphone- and smartwatch-based delivery, im-

proving feasibility and ecological validity and capturing experiences more accurately than

retrospective surveys [46, 194].

However, experts highlighted several shortcomings of EMAs. While valued for capturing

real-time experiences, frequent EMA prompts were described as burdensome, leading to

fatigue and lower compliance over time. Missed prompts were considered particularly prob-

lematic because they often occurred during moments of heightened emotional arousal. One

expert explained: “It’s burdensome. And also, we might miss important information...”

(E10). Another expert highlighted: “Sometimes clients are not really so motivated to keep

a journal...” (E1).

Self-help intervention techniques, such as mindfulness exercises and breathing techniques,

were deemed valuable by experts but were considered difficult to sustain due to low motiva-

tion. Clinical approaches, such as Cognitive Behavioral Therapy (CBT) and Eye Movement

Desensitization and Reprocessing (EMDR), as well as other talk therapies, were seen as

effective but difficult to access by experts. Moreover, experts described long waiting lists,

overburdened providers, and significant unmonitored gaps between sessions, which increase

recall bias and reduce the everyday relevance of the intervention. E14 highlighted: “It’s

delivered weekly for like hour-long sessions once a week...there’s just a lot that happens in



5.4. FINDINGS 121

between sessions.”

5.4.2 Limitations with Wearables and LLMs

Experts viewed wearables as a promising tool to complement EMAs, as they capture objec-

tive physiological signals, such as EDA, PPG, and ST, as well as behavioral data, including

sleep patterns, activity levels, and location. Wearables can mitigate recall bias and subjec-

tivity in EMAs. Additionally, they can reduce the burden associated with frequent EMA

prompts by either “replacing it entirely” (E10) or sending “event-based EMAs” (E12). Ex-

perts also highlighted the limitations of wearables and envisioned how LLMs could address

these challenges. At the same time, they cautioned that LLMs introduce their own limita-

tions.

Data quality and device accessibility:

One prominent concern with wearables was the quality and reliability of the data. Wearable

data was described as noisy, prone to missing values, and inconsistent over long periods.

Additionally, experts noted that wearables are expensive, and many individuals, especially

older adults or those from underserved communities, may lack access to or familiarity with

such devices. An expert highlighted: “Devices are expensive for many individuals...say,

senior citizens...maybe they are not habituated to using these sorts of devices” (E12).

False positives and potential harm:

Experts were concerned about misinterpreting benign states as alarming from wearable data.

In applications involving real-time inference and feedback, false feedback risks reinforcing

harmful behaviors, especially among vulnerable groups. An expert shared: “We had to
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put in a lot of safeguards to make sure that the device was not inadvertently like feeding

into disordered...and sort of increasing symptoms” (E14). An expert also noted the lack of

“meaningful” (E8) downstream applications of wearables beyond basic feedback.

Experts highlighted the use of mental health chatbots powered by LLMs, in conjunction with

wearables and EMAs, to monitor user states by collecting free-text responses. Chatbots

were primarily regarded as valuable tools for expanding access to care, ensuring constant

availability, and providing nonjudgmental support. An expert shared that LLM chatbots

are now gaining “unprecedented levels” (E6) of user engagement. However, experts also

highlight several limitations of LLM chatbots, including a lack of genuine empathy, reliability

of content, long-term monitoring, and privacy.

Usability, reliability, and trust:

Experts also highlighted usability limitations of wearables, including users forgetting to

charge the device, being unable to connect wearables to other devices, and experiencing

ergonomic discomfort from prolonged wear. An expert noted: “It is prey to human er-

ror...participants would forget to put on the device, or they would forget to charge it” (E14).

Moreover, experts noted that the feeling of being “tested by this device” (E2) erodes user

trust.

Engagement and overdependence

These limitations may collectively contribute to the drop-off and relapse rates of digital

therapeutics (wearables and chatbots) in general. An expert shared that “the drop off for

traditional digital therapeutics is pretty high...the Achilles heel is that people start using it for a

while, and then they stop” (E6). In parallel, some experts were concerned about users getting
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overdependent on digital mental health tools. An expert warned against “overdependence

on the technology” (E1), raising concerns that users might rely excessively on automated

feedback and fail to develop internal coping mechanisms.

Clinical appropriateness and burden:

Experts were concerned about the clinical appropriateness of digital mental health tools,

particularly in high-risk situations. An expert expressed the concern that such tools “can’t

detect dire things on time and...don’t escalate or they don’t respond properly” (E4). Further-

more, experts were concerned that the integration of modern technology and sensitive data

into clinical practice could create additional work for clinicians, who already struggle with

their existing workloads. An expert noted: “Clinicians have a lot on their plates...any new

technology is just saying that...you need to add more data into this and then deal with all the

documentation about this” (E4).

5.4.3 Opportunities for Wearable-LLM Systems

Integrating wearables and LLMs presents unique opportunities to advance mental health

support by combining the strengths and complementing the limitations of each technology.

By using EmBot as a design probe in our interviews with mental health experts, we identified

four key opportunities.

Improving data quality and feedback:

Wearables provide continuous physiological signals, reducing recall bias and enhancing eco-

logical validity. LLMs, in turn, can contextualize these signals through dialogue, distin-

guishing meaningful changes from everyday fluctuations. This multimodal fusion enables
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the integrated systems to infer user state and deliver precise interventions at the right time.

An expert noted: “Opportunities to capture more ecologically valid data, different kinds of

data...reduces participant recall bias and forgetting (E14).

Balancing monitoring with reflection:

Experts highlighted that integrating wearables and LLMs can transform monitoring into

empathic engagement. They noted that the EmBot’s stress-triggered notification feels more

empathetic than traditional apps that require user initiation. E6 shared: “I like that the

Chatbot is reaching out to you because it thinks you’re stressed.” LLMs can translate physi-

ological changes into reflective dialogue, enabling the system to respond in a way that feels

more human and emotionally aware.

Personalization and engagement:

An expert noted that LLMs are already reaching “unprecedented levels” (E6) of engage-

ment. When integrated with wearables, systems such as EmBot can personalize the tone,

frequency, and style of interactions based on individual preferences, making them both

proactive and responsive to user needs. Moreover, EmBot can be further personalized to

multimodal experiences, such as voice-based conversations or avatar-driven interfaces. E5

noted: “Personalization would be a key for this kind of app. You have to read this person’s

pattern completely, thoroughly, so that you can only prompt that at the right moment.”

Reducing user and clinician burden:

Hybrid wearable-LLM systems can reduce the burden of understanding and interacting with

wearable data. For users, the system can transform wearable data into clear summaries that
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support reflection, goal setting, and self-help. An expert shared: “It tells me, oh, yeah, you

talked with your therapist?...do you follow that up?...or is it just a plan?” (E1). For clini-

cians, LLMs can distill long-term trends into concise, actionable summaries, offering insights

into stress patterns or therapy adherence without increasing documentation workload. This

opportunity positions EmBot not as an additional data source but as an intermediary that

provides clinically relevant, human-readable insights.

5.4.4 Improving EmBot

In addition to reflecting on the broader integration of wearables and LLMs, experts offered

specific suggestions to refine EmBot’s design and functionality.

Improving stress detection:

Experts recommended strengthening EmBot’s stress detection by combining automated in-

ferences with optional EMAs to capture contextual nuance. They also highlighted the im-

portance of personalized detection models to account for individual differences in physiology

and stress responses. An expert suggested: “previous research that compared personalized

models and unpersonalized models...personalized are working better” (E10).

To prevent notification fatigue, experts advised capping alerts to a small number per day,

spacing them out appropriately, and calibrating frequency during onboarding to identify a

“sweet spot” (E6). An expert suggested building adaptive mechanisms that recognize when

users disengage and modify the system’s behavior accordingly: “If notices that you’re not

responding to it...it should...back off, or should we come up with new ways of doing it” (E8).

Flexibility was emphasized by experts, including the ability to revisit missed notifications

and customize notification frequency.
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Experts further emphasized the importance of interpretability in enhancing the empathic

and trustworthy nature of the hybrid wearable-LLM system. For instance, an expert said:

“Maybe the chat could say, for example, or I picked up a bit of stress, maybe your heart rate

went up to 120” (E1). Another expert suggested that users must be allowed to ask questions

like “Was it heart rate? Was it more movement?” (E17) to EmBot to confirm why it gave a

positive stress detection. Moreover, experts encouraged the integration of additional inputs,

such as calendars, location data, and tags (including events and people) associated with

stressful episodes, to help users recall contextual details more effectively.

Improving LLM customization:

Experts encouraged making EmBot’s conversations more structured and context-aware.

Rather than offering long, generic responses, a hybrid wearable-LLM system should ask

reflective follow-up questions grounded in users’ situations. One expert illustrated: “We

ask, did anything happen? Did you argue with someone between the last prompt? And if

they say yes, we move on to the baby questions, like, who did you argue with, and what

happened?” (E14).

Several experts noticed that EmBot’s LLM responded too quickly, which felt robotic, and

suggested incorporating subtle delays and features, such as typing indicators, to simulate

thoughtfulness. Beyond text, experts recommended supporting voice interaction with an

expert stating: “I’d probably just be using my voice to talk to the app” (E2). Even person-

alized avatars, such as a favorite animal, were suggested to foster emotional connection and

engagement. Personalization was again emphasized, with some experts suggesting that the

LLMs’ responses, tone, and behavior be tailored to align with individual user preferences.

For instance, an expert shared: “definitely want my agent to be more calm, like less neurotic

than me” (E2).
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To strengthen EmBot’s supportive role, experts recommended including a resource hub that

provides evidence-based videos and links to university and national mental health services.

For higher-risk scenarios, such as signs of acute distress or suicidal ideation, EmBot should

include escalation protocols, such as crisis resource buttons or emergency contact. An expert

warned: “I think if there’s a way to engineer to build in any kind of way to just detect high

risk events so that it can divert people to where help is needed” (E18).

Improving privacy and security:

Experts highlighted user onboarding as a critical step, emphasizing the need for explicit, user-

friendly orientation materials that clearly articulate EmBot’s capabilities and limitations. An

expert underscored transparency as a foundational requirement, noting the importance of

clarifying: ”Here’s what it can do-it can handle A, B, C, D, and E types of tasks. But it

cannot do A, B, C, D, and E, and that distinction should be made explicit to help manage

expectations” (E18) during onboarding.

Privacy was another concern, and experts emphasized that users must retain control over

their data. An expert advised: “If the user says something super sensitive, it might be good

for them to know that this is recorded somewhere and they can delete the conversation if

they want to” (E4). Another expert suggested a privacy-preserving approach to collecting

detection feedback from EmBot by creating “a wizard on the home screen so that...people

can just report it” (E6).

Other improvements:

Additionally, experts recommend using graphs and charts to illustrate stress patterns over

time and across stacked boxes (Figure 5.1e). They highlighted that these visual aids can
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enhance user understanding and serve as meaningful conversation starters in therapy (E10).

One expert envisioned a gamified system where users could collect stress and exchange it for

rewards: “it detects my stress, and then you can collect all my stress, and then maybe I can

exchange my stress.” (E2).

5.5 Discussion

Synthesizing expert insights enabled us first to outline a broader design space for wearable-

LLM integration and then suggest various design implications and evaluation considerations

for future hybrid wearable-LLM systems in mental health.

5.5.1 Design Space for Wearable-LLM Integration

Building on our expert interviews and prior HCI work on design spaces [30, 171], we identify

six key dimensions (D1–D6) that characterize the design space for hybrid wearable-LLM

systems in mental health. Together, these six dimensions can serve as a framework for

designing future hybrid wearable-LLM systems.

D1. Goal of the System: Hybrid wearable-LLM systems can be designed to serve dif-

ferent goals, including supporting everyday well-being through self-help, coping, and

lifestyle management, or extending to clinical support by reinforcing therapy, delivering

evidence-based practices, or generating summaries for clinicians.

D2. Role of the Wearable: Wearables can play two roles in hybrid wearable-LLM sys-

tems. At the most basic level, they act as monitors, collecting continuous physiological

and behavioral signals (e.g., EDA, HR, sleep) [96, 108, 126] or go further to infer and
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predict users’ mental (affective and cognitive) states and availability to trigger EMAs

or interventions, or customize the content of the interventions [19, 109, 178, 179].

D3. Role of the LLM: LLMs can complement wearables in three primary ways: as sum-

marizers, translating wearable data into natural language insights; as conversational

partners, providing empathic dialogue and reflective support grounded in wearable

data; or as orchestrators, synchronizing monitoring, summarization, and conversation

into an integrated user experience [39, 75].

D4. Triggers and Adaptation: The timing and initiation of LLM interactions vary across

systems. Interactions may be user-initiated, such as journaling or on-demand check-ins;

event-based, triggered by detected stress episodes [179]; or hybrid, combining both ap-

proaches to balance proactivity with user agency [177]. Beyond timing, wearable data

can be used to adapt LLM behavior by shaping dialogue tone, tailoring intervention

content, adjusting pacing, and personalizing over time.

D5. Temporal Focus: Hybrid wearable-LLM systems can differ in their temporal scope.

Some target momentary regulation, offering just-in-time interventions during stressful

episodes. Some emphasize short-term engagement, such as daily summaries or weekly

goal-setting. Others support long-term engagement, enabling users to track trends and

inform treatment decisions.

D6. Intended Users: Hybrid wearable-LLM systems can be designed to cater to different

stakeholders. Some are designed for individual users to self-manage their mental health.

Others are designed for clinicians, providing distilled summaries to reduce workload

and support therapy. Hybrid approaches may support users from both groups, offering

self-help features for individuals and clinical insights for professionals.

These six dimensions characterize a holistic design space for wearable-LLM integration in
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mental health. EmBot explored one region of this space, focusing on self-help goals, event-

based triggering, real-time stress inference, conversational support, and short-term reflection.

Future work can explore other regions, such as systems that prioritize long-term reflection

or emphasize clinician-facing summaries.

5.5.2 Design Implications for Wearable-LLM Systems

From our findings and the six dimensions of the design space, we distill several design

implications for future systems that integrate wearables and LLMs for mental health. These

implications extend beyond EmBot to inform the broader development of hybrid wearable-

LLM systems.

Balance automation with user agency: Wearables offer the promise of continuous, au-

tomated stress detection, but such inferences are fallible and context-dependent. LLMs

can translate these inferences into conversational support and reflective dialogue, but

without user oversight, they risk misinterpretation or overreach. Systems should avoid

over-reliance on automation and instead maintain mechanisms for user input and cor-

rection. This balance helps ensure accuracy while preserving users’ sense of control

and agency.

Ensure clinical needs and appropriateness: Systems that straddle clinical and non-

clinical domains must be carefully designed to align with clinical needs and practices.

For clinicians, hybrid wearable-LLM systems should distill insights into concise, ac-

tionable formats rather than complicate professional decision-making. For individual

users, conversational content should be grounded in validated therapeutic frameworks

where appropriate, while remaining accessible and non-clinical when intended for self-

help purposes. Importantly, such systems should incorporate escalation pathways to
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ensure safety in high-risk scenarios.

Balance clinical effectiveness with user experience: Evidence-based interventions only

work if users are willing to engage with them. Hybrid wearable-LLM systems should

therefore present validated therapeutic practices in interactive, personalized, and en-

gaging formats, ensuring that users not only receive adequate support but also remain

motivated to use them. This principle highlights the importance of combining rigorous

clinical grounding with design strategies that sustain everyday usage.

Design empathic and engaging conversational support: The quality of conversational

support depends on both the accuracy of inferences and the perceived empathy and

relevance of system responses. Designers should craft interactions that are contextually

aware, emotionally resonant, and sensitive to users’ mental states. Equally important

is designing for sustained engagement without fostering overdependence. Conversa-

tions should feel supportive and human-like without making the user overly dependent

or replacing professional care.

Embed personalization and adaptivity across layers: Personalization should extend

across both the sensing and conversational layers of hybrid wearable-LLM systems. At

the sensing layer, this involves adapting thresholds and models to users’ physiologi-

cal and behavioral baselines. At the conversational layer, it means aligning interac-

tion style, tone, and modality to individual preferences. Beyond static customization,

systems should adapt dynamically over time, learning from ongoing interactions and

evolving in tandem with the user.

Prioritize transparency, privacy, and user control: Trust in hybrid wearable-LLM sys-

tems hinges on responsible design choices regarding transparency and data protection.

Users should clearly understand what the system can and cannot do, how inferences
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are made, and what data are being collected or stored. Explaining why a system

made a particular inference or suggestion is especially important, especially in con-

texts where false positives are possible [168]. The system should provide users with

granular control over their data and ensure that sensitive information is protected

without compromising system functionality or performance.

These implications underscore the need to design hybrid wearable-LLM systems not only as

monitoring and intervention tools, but as adaptive, transparent, and clinically appropriate

digital mental health tools. They also demonstrate how the identified design space can

guide future research and development across different goals, roles, triggers, adaptations,

time frames, and user groups.

5.5.3 Evaluating the Hybrid Wearable-LLM System

To advance the design of hybrid wearable-LLM systems for mental health, it is equally

important to establish how such systems should be evaluated. Based on our findings, we

highlight three complementary dimensions for evaluation: inference, user experience, and

clinical support.

Evaluating inference: Evaluation should go beyond accuracy alone to account for the

challenges of real-world deployment. Key criteria include reliability across diverse

populations, robustness to missing or corrupted signals, and the ability to adapt to

individual variability in physiological baselines. Systems must also be tested in real-

world contexts to ensure that models trained in controlled environments can perform

effectively when deployed at scale [53].

Evaluating user experience: Even clinically sound and technically reliable systems will
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fail if users do not engage with them. Evaluation must therefore consider usability,

engagement, and sustained adherence [207]. This includes assessing users’ perceptions

of the system’s responsiveness and emotional resonance, as well as whether person-

alization and adaptivity lead to higher engagement over time. Longitudinal studies

are particularly important for understanding whether systems can maintain everyday

usage rather than being abandoned after initial use.

Evaluating clinical support: The most critical evaluation of the hybrid wearable-LLM

system is whether it improves users’ mental health outcomes. This includes reducing

stress or related symptoms, fostering healthier coping strategies, and promoting long-

term health and well-being. At the same time, systems should be evaluated for their

capacity to support clinicians by providing actionable insights that help monitor and

guide patients without increasing clinical workload.

These dimensions indicate that the evaluation of hybrid wearable-LLM systems must encom-

pass technical, experiential, and clinical criteria. A system that excels in only one area, for

example, highly accurate inference but poor engagement, cannot be considered successful in

supporting mental health.

5.6 Limitations and Future Work

As discussed, wearables and LLMs have several limitations, and their integration could exac-

erbate these challenges. If stress detection is inaccurate, frequent or unnecessary notifications

may burden users, especially during periods of heightened stress. Furthermore, interactions

that rely on generic, templated, or overly automated responses risk reducing empathy and

trust. Without careful design, such pitfalls can erode user confidence and lead to long-term
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disengagement.

Our findings should also be considered in light of several methodological limitations. The

study relied on 16 experts from psychology, psychiatry, digital health, and behavioral science

but excluded end users, caregivers, and frontline workers whose perspectives are critical to

understanding adoption. Feedback was based on a prototype walkthrough in a simulated

context rather than on real-world use, which limited insight into sustained engagement, trust,

and unintended consequences. We also did not explicitly examine demographic or cultural

differences, which shape perspectives across healthcare systems and sociocultural contexts.

Future work should therefore recruit a more diverse set of participants and investigate how

hybrid wearable-LLM systems are experienced by end users, particularly underserved groups,

with a focus on usability, accessibility, ethics, and clinical relevance. In addition, systems

should advance toward richer multimodal inference, combining physiological signals with

behavioral, contextual, and environmental data (e.g., activity, voice, location, or interaction

patterns) to improve accuracy and robustness. In parallel, multimodal generation, such as

integrating text, voice, avatars, and visualizations, could provide more engaging and adaptive

feedback for users, tailoring support to individual preferences and contexts [60].

Beyond stress management, the potential applications of hybrid wearable-LLM systems ex-

tend into multiple domains. In education and training, adaptive support can be provided

by monitoring cognitive load, attention, and stress to optimize learning experiences. In

the arts, they could foster creativity by transforming physiological signals into generative,

affect-driven music, visualizations, or interactive performances. In construction and indus-

trial safety, they can detect fatigue, stress, or distraction in real-time and deliver timely

interventions to prevent accidents.
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5.7 Conclusion

Our paper introduces EmBot, a mobile design probe that couples wearable stress inference

with LLM-mediated conversation to explore how integrated hybrid wearable-LLM systems

might better support everyday mental health than respective standalone systems. Grounded

in interviews with 16 mental health experts, we synthesize a six-dimensional design space,

articulate concrete design implications, and propose an evaluation rubric that spans inference

robustness, user experience, and clinical utility. Together, these contributions highlight

how hybrid wearable-LLM systems can be designed, developed, and evaluated not only as

technical artifacts but also as adaptive, human-centered, and clinically appropriate digital

mental health tools that overcome the limitations of existing tools.



Chapter 6

Evaluating the Affective Performance

and Stability of Multimodal LLMs

6.1 Introduction

So far, this dissertation has discussed the use of physiological data with LLMs for daily

stress management. This chapter explores the complementary roles of audio and visual

modalities in affect recognition and in providing general mental health support. LLMs

have advanced rapidly beyond text-only processing and now support multimodal reasoning

across images, audio, and video. Omni-LLMs extend these capabilities further by enabling

not only multimodal understanding but also multimodal generation, making them powerful

tools for emotionally rich, interactive communication. The ability of such models to integrate

linguistic cues with vocal prosody, facial expressions, and body movements makes them

especially promising for affective tasks [47, 95]. However, slight variations in modality or

prompt phrasing can cause LLMs to misinterpret emotional cues, hallucinate nonexistent

behaviors, or generate unstable content. As these models are increasingly used to mediate

emotionally sensitive interactions, understanding their reliability in multimodal affective

performance is essential.

In this chapter, the reliability of three state-of-the-art multimodal LLMs (Qwen2.5-o, Phi4-

m, and MiniCPM-o-2.6) is examined in the context of affective interactions using the Pre-

136
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dictability Computability Stability (PCS) framework [253]. We focus on three core affective

tasks that underpin emotionally supportive AI systems: (1) emotion label prediction, (2)

explanation of the predicted emotion, and (3) generation of empathic text messages. The

PCS framework quantifies not only predictive performance but also the predictive and gener-

ative stability of multimodal LLMs under perturbations. Using a fully crossed perturbation

design, we systematically vary input modalities and prompt templates to test each model’s

sensitivity to changes in sensory inputs and prompt phrasing. The findings reveal critical

reliability gaps in current multimodal LLMs and highlight limitations to deploying them in

real-world settings, especially in sensitive applications such as mental health.

6.2 Background

Conversational AI systems, based on LLMs, are increasingly used for mental health appli-

cations in both clinical and non-clinical settings. In a clinical setting, these systems can

deliver evidence-based therapy, such as cognitive-behavioral therapy exercises, through nat-

ural dialogue [104]. In non-clinical settings, LLMs are increasingly used to share feelings

and receive emotional support [49]. However, a key concern with such systems is their reli-

ability in understanding nuanced user inputs and generating safe, trustworthy outputs. For

instance, Iftikhar et al. [110] found a lack of contextual understanding in LLM chatbots,

and Chandra et al. [31] reported several risks, including LLM chatbots providing harmful

responses during emotionally charged conversations. Therefore, it is essential to evaluate

both the inferential and generative capabilities of LLMs, especially in sensitive applications

such as mental health.

Existing research has evaluated and improved LLMs’ capabilities for emotion classification

across text, audio, and visual data, using a range of prompting techniques, fine-tuning
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paradigms, and training methodologies. Using text-based zero-shot and few-shot affect

recognition, Wake et al. [238] evaluated ChatGPT and reported reasonable performance,

but found a bias toward frequent emotional categories, such as joy and sadness. Feng et

al. [77] compared text-based zero-shot and few-shot prompting in GPT-4, GPT-3.5, Alpaca,

and LLaMA, and found that GPT-4 gave significantly better zero-shot results. Stricker and

Paroubek [224] fine-tuned a LLaMA-2 7B model on text-based emotion recognition datasets,

achieving performance comparable to that of fully fine-tuned smaller models.

Recent work has also explored the use of multimodal data to improve emotion recognition

performance. To enable text-based LLMs to process multimodal data without any archi-

tectural modifications, several studies have proposed converting non-textual modalities into

textual descriptions. For instance, Zhang et al. [255] introduced Lantern, a two-stage frame-

work that predicts preliminary emotion scores using a traditional model and subsequently

sends the scores to a text-based LLM. Dongre et al. [58] followed a similar approach to

integrate wearable data with LLMs for stress detection. Wu et al. [244] translated acous-

tic features into natural language representations to support affect recognition from speech

signals.

Recent work has also evaluated natively multimodal LLMs for emotion recognition in images

and videos. Nadeem et al. [173] evaluated the zero-shot performance of VLMs such as LLaVA

and GPT-4 against specialized emotion recognition models, finding that LLaVA achieved

higher accuracy. Nelson et al. [176] evaluated the facial emotion recognition performance of

three general-purpose LLMs, including GPT-4o, Gemini 2.0 Experimental, and Claude 3.5

Sonnet, and reported relatively high misclassifications of fear. Zhang et al. [256] proposed

the Set-of-Vision (SoV) prompting method, which overlays facial bounding boxes on images

before prompting VLMs to classify emotions to improve emotion recognition in images with

multiple people and objects.
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The advantage of LLMs over traditional emotion recognition models is that they can also gen-

erate reasoning and explanations for an emotion classification. Reasoning and explainability

not only increase the system’s trustworthiness and user trust, but can also improve model

performance [51]. To enable multimodal emotional understanding and reasoning, Yang et

al. developed EmoLLM by integrating an audio- and visual-encoder with a foundational

language model and fine-tuning it on the EmoBench dataset [248]. Emotion-LLaMA is a

LLaMA-based multimodal model with audio, visual, and text encoders instruction-tuned for

emotion recognition and reasoning [36]. If emotion classification and reasoning are coupled

with empathic message generation, they can create new opportunities for emotionally aware

and adaptive applications. Moreover, multimodality can provide contextual details to help

LLMs better understand emotions and respond more empathetically.

While multimodality can improve emotion recognition, reasoning, and empathic message

generation, it also introduces more risks and concerns. Models can exhibit brittle behavior

when input modalities vary, and the user’s prompt can lead to wildly different outputs.

Recent work by Liu et al. [151] highlights how LLMs can display inconsistent generations

that lead to logical contradictions or flip-flopping on sensitive topics. When working with

multimodal data, a robust LLM should extract partial understanding from a noisy image

or fall back to just text if other modalities fail, rather than misinterpreting the input and

generating unstable outputs. It should also be insensitive to prompt perturbations, meaning

it should give semantically similar answers to similar prompts [200]. Therefore, when evalu-

ating multimodal LLMs, it is critical to test not only their peak performance but also their

robustness.

PCS is a unified conceptual and technical framework that applies principles of predictabil-

ity, computability, and stability to guide the reliable and trustworthy practice of Veridical

Data Science (VDS) [253]. Predictability emphasizes grounding modeling choices in empirical
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predictive performance; computability ensures that procedures are computationally feasible,

scalable, and reproducible; and stability evaluates how sensitive conclusions are to reasonable

perturbations in data preprocessing, modeling choices, and assumptions. While PCS shares

similarities with robustness stress-testing techniques [89], it differs in that it offers a princi-

pled approach to auditing and interpreting model reliability throughout the data science life

cycle. The PCS framework has been successfully applied to various applications, including

genomics, neuroscience, and predictive modeling pipelines [253]. The PCS framework has

also been extended to generative AI systems, emphasizing that predictability should align

with human-centric quality measures; computability must account for the model’s deploy-

ment feasibility; and stability should be assessed by measuring how sensitive outputs are to

prompt phrasing, modality changes, or other task-relevant perturbations [203].

6.3 Methodology

We apply the PCS framework to evaluate the behavior and reliability of three open source

multimodal LLMs, Qwen2.5-o [246], Phi4-m [3], and MiniCPM-o-2.6 [254], across three af-

fective tasks. Qwen2.5-o is a 7B-parameter model that understands audio, images, and video

and generates both text and audio. It is trained on a large, diverse set of web-scale multilin-

gual corpora and multimodal alignment data. Phi4-m is a 6B-parameter, instruction-tuned

model that takes audio, image, and video frames as input and generates text. It is trained on

high-quality, curated datasets that emphasize reasoning, safety, and grounded multimodal

understanding. MiniCPM-o-2.6 is an 8B-parameter multimodal LLM that supports audio,

visual, and textual inputs and generates text and audio.

We evaluated the models on three complementary multimodal emotion datasets: Interactive

Emotional Dyadic Motion Capture (IEMOCAP) [27], the Multimodal EmotionLines Dataset
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(MELD) [197], and Multimodal Affective Faces in the Wild (MAFW) [152]. IEMOCAP

provides approximately 12 hours of high-quality dyadic interactions performed by trained

actors, recorded with synchronized audio, video, and motion-capture modalities, and anno-

tated with fine-grained categorical emotions. Speaker diarization, utterance segmentation,

and shot-level video extraction were applied to isolate individual utterances in the IEMO-

CAP dataset. MELD extends this setting to multi-party, naturalistic conversations from

the TV sitcom Friends, offering roughly 13,000 utterances with aligned audiovisual and

transcript modalities. MAFW contains over 10,000 audiovisual clips collected from movies,

dramas, and short online videos, capturing spontaneous emotional expressions across diverse

speakers with both categorical and continuous labels. We converted video clips to audio-

only segments, and transcripts were generated (when unavailable) to maintain a consistent

text modality across datasets. Due to differences in annotation schemes, all emotion labels

were mapped to the Ekman six basic emotions (anger, disgust, happiness, fear, sadness,

surprise) [64] plus a neutral category.

The three models are evaluated on randomly sampled data from each dataset, with system-

atic perturbations applied across both input modalities and system prompts, to assess their

stability in generating emotionally grounded outputs (emotion recognition, reasoning, and

empathetic messages). This section formalizes our experimental design, evaluation metrics,

and alignment with PCS principles.

6.3.1 Affective Tasks and Perturbation Design

Each model was evaluated in a zero-shot setting on three tasks per utterance: (1) emotion

label classification, where the model classified the emotion as either anger, disgust, fear,

happiness, sadness, surprise, or neutral based on the input; (2) reasoning, which required
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the model to generate a brief rationale for the predicted emotion; and (3) empathic message

generation, where the model produced a supportive and empathetic response tailored to the

speaker’s emotional state.

To formalize within PCS, we define T (D,λ) as the model-generated tuple (emotion label,

reasoning, empathy message) under perturbation design choice λ (modality input and system

prompt phrasing) and dataset D. We perturb λ along two axes: input modality M ∈

{A, T_A, A_V, T_A_V} and prompt template P ∈ {p1, p2, p3}. This yields K = 12 (m, p)

combinations per utterance, enabling PCS-consistent perturbation analysis:

Λ = M×P , {T (D,λk)}

6.3.2 PCS Evaluation Strategy

Predictability

For task 1, model predictions ŷ(m,p)
i are evaluated against true emotion labels ytrue

i to compute

accuracy. Cochran’s Q test is used to assess the significance of differences in accuracy across

modalities and prompts at the utterance level. For tasks 2 and 3, model outputs are rated

by three LLM judges (GPT-4.1, Gemini-2-Flash, LLaMA-3.1) using a 1–5 Likert scale across

five criteria.

For reasoning, LLM judges were guided by five evaluation criteria: Modality-Grounded Ev-

idence, Emotion–Cue Mapping, Specificity, Internal Consistency, and Completeness. For

empathy, the evaluation criteria included Emotion Acknowledgment, Validation, Supportive

Intent, Emotion-Appropriate Response, and Gentle Guidance. The final quality score for

each response was computed as the average of its five criterion scores.
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To quantify agreement across LLM judges, we computed inter-rater reliability using Krippen-

dorff’s α and the intraclass correlation coefficient (ICC). Statistical significance of differences

in ratings across prompts and modalities was assessed using the Friedman test.

Computability

In line with the PCS framework, we documented the computational feasibility of each step

involved in data preparation and model execution. Large-scale multimodal data, including

audio, video, and text transcripts, were stored and organized at the utterance level on a

secure drive to facilitate efficient access and management. To prepare the data for model

input, we applied speaker diarization and utterance-level segmentation to ensure clean and

temporally aligned samples across modalities.

The multimodal LLMs ran on Google Colab Pro environments, leveraging A100 GPUs to

accelerate inference across all combinations of tasks, modalities, and prompt templates. For

evaluating reasoning and empathic message outputs (tasks 2 and 3), we used API calls to

three distinct LLMs as judges, enabling large-scale, scalable annotation. We systematically

recorded runtime performance, API token costs, and hardware configurations throughout to

facilitate full reproducibility of the experimental pipeline.

Stability

We define the stability metric s(T : D,Λ) as the degree to which outputs remain consistent

under perturbations λ ∈ Λ. For the emotion recognition task, each utterance was evaluated

across all combinations of modality and prompt. A binary correctness matrix was con-

structed, with each entry indicating whether the model’s predicted emotion label matched
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the ground truth. We then computed a stability score Si for each utterance as:

Si =
2

K(K − 1)

∑
j<k

⊮[Cij = Cik]

Perturbation intervals are reported as the 10th- and 90th-percentile accuracy values across

the 12 conditions.

For the reasoning and empathic message generation tasks, we computed semantic consistency

across perturbations using sentence embeddings. For each utterance, cosine similarity was

computed for all pairs of generated responses across modalities and prompts, yielding a

similarity matrix. Therefore, the stability score Si for each utterance is:

Ssim
i =

2

K(K − 1)

∑
j<k

cos (Tij, Tik)

Perturbation intervals are defined using the 10th and 90th percentiles of these pairwise

similarities.

6.4 Results

6.4.1 Predictability

Emotion Recognition Accuracy

Across all modality–prompt combinations, emotion recognition accuracy remained modest

(Table 6.1). Qwen2.5-o achieved the highest accuracy in most conditions (best: 0.4502 under

T_A_V–p2), whereas Phi4-m performed competitively with the visual modality and prompt

p1, MiniCPM-o-2.6 consistently produced the lowest accuracies. T_A and T_A_V yielded
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(a) Qwen2.5-o (b) GT

Figure 6.1: Model Performance and Ground Truth (GT) for Qwen2.5-o

the most reliable predictions across models, suggesting the importance of linguistic cues in

multimodal LLMs.

The Sankey diagrams in Figures 6.1a, 6.2a, and 6.3a illustrate how each model distributes

its predicted emotions across modalities and prompts, compared against the ground-truth

(GT). Qwen2.5-o demonstrates the closest qualitative alignment to GT. In contrast, Phi4-m

exhibits a more substantial reliance on visual information, producing heavier flows toward

anger. MiniCPM-o-2.6 shows the most significant deviations from GT, with dominant but

misaligned flows toward anger, suggesting a tendency to over-predict high-arousal negative

emotions across modalities and prompts.

Cochran’s Q tests revealed significant variability in emotion recognition accuracy across both

modality and prompt perturbations (Table 6.2). Qwen2.5-o and MiniCPM-o-2.6 showed

significant modality effects under all prompts, and Phi4-m showed strong effects primarily
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(a) Phi4-m (b) GT

Figure 6.2: Model Performance and Ground Truth (GT) for Phi4-m

under p1. Prompt sensitivity was also evident for Qwen2.5-o (A and T_A_V) and Phi4-

m (A_V and T_A_V). These results indicate that emotion recognition accuracy is highly

sensitive to modality perturbations.

Reasoning and Empathic Message Quality

As described previously, we used three independent judge LLMs to rate the quality of the

reasoning and empathetic messages generated by the multimodal LLMs relative to the emo-

tion they predicted. To assess the consistency of these judgments, we computed Inter-Rater

Reliability (IRR), examining both single-rater agreement (IRR[3]) and the reliability of the

averaged score across the three raters (IRR[3,k]). Overall, the judges demonstrated moderate

consistency for both reasoning and empathic messages, with IRR[3] values ranging from ap-

proximately 0.49 to 0.63 across models. When aggregated across raters, reliability increased
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(a) MiniCPM-o-2.6 (b) GT

Figure 6.3: Model Performance and Ground Truth (GT) for MiniCPM-o-2.6

substantially, with IRR[3,k] values ranging from roughly 0.74 to 0.83. Phi4-m showed the

strongest reliability for reasoning, while MiniCPM-o-2.6 exhibited the highest reliability for

empathic message ratings.

Across modality–prompt combinations, we observe substantial variation in the quality of

reasoning (Table 6.3). Phi4-m achieved the strongest overall performance, producing the

highest reasoning scores in 9 of the 12 conditions, particularly under audio-only and text-

augmented settings. Qwen2.5-o demonstrated competitive performance, especially when

both audio and transcript information were available, whereas reasoning for MiniCPM-o-2.6

was consistently rated lower-quality, with notable drops in the visual modality. Overall,

these results indicate that reasoning quality depends strongly on both the input modality

and the specific prompt used.

Statistical analysis using Friedman tests revealed that the differences in reasoning quality
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Table 6.1: Accuracy comparison across models for each modality–prompt combination. Bold
indicates the highest accuracy in each row (best model). Italics indicate the best metric for
each model across conditions.

Modality Prompt Qwen2.5-o Phi4-m MiniCPM-o-2.6
A p1 0.3402 0.2955 0.2234
A_V p1 0.3127 0.3952 0.1581
T_A p1 0.4364 0.3196 0.3265
T_A_V p1 0.3643 0.4261 0.2990
A p2 0.4124 0.2612 0.2268
A_V p2 0.3505 0.2680 0.1753
T_A p2 0.4330 0.2887 0.2715
T_A_V p2 0.4502 0.2887 0.2921
A p3 0.3471 0.2749 0.2302
A_V p3 0.3368 0.2852 0.1615
T_A p3 0.3780 0.2749 0.2371
T_A_V p3 0.4467 0.2784 0.2680

across prompts and modalities were highly significant for all three models. Across prompts

within each modality, all models showed strong effects (all p < .01), indicating that even

minor changes in prompt phrasing produced explanations that differed reliably. Similarly,

modality-level comparisons showed highly significant differences across all prompts, with

p-values often below 10−20, demonstrating that the modality choice substantially alters the

structure and coherence of the generated reasoning.

Across all modality–prompt conditions, the quality of empathic messages remained consis-

tently high, with scores generally falling between 4.2 and 4.8 on a 5-point scale (Table 6.4).

Phi4-m produced the strongest empathic responses overall, achieving the highest score in

nearly every condition and showing particular strength in audio-only and text-augmented

settings. Qwen2.5-o exhibited competitive performance, occasionally outperforming Phi4-m

in T_A_V settings. MiniCPM-o-2.6 produced the lowest empathic scores, with noticeable

drops in visual modality.
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Table 6.2: Cochran’s Q test p-values for accuracy differences across prompts and modalities.
Significant effects (p < .05) are in bold with significance levels (* p < .05, ** p < .01, ***
p < .001).

Test Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.00027*** 0.00021*** 9.40e-09***
p2 0.00324** 0.60554 1.40e-05***
p3 0.00024*** 0.98301 0.00048***
Prompt-level (within modality across prompts)
A 0.00691** 0.40897 0.94692
T_A 0.07612 0.14957 0.00389**
A_V 0.15567 4.97e-05*** 0.75857
T_A_V 0.00045*** 2.49e-06*** 0.36788

Friedman tests revealed that empathic message quality was susceptible to both prompt

phrasing and input modality. For every model, empathic scores differed significantly across

prompts within each modality, with p-values far below .001 in nearly all cases, indicating

that even small changes in prompt wording produced reliably different empathic responses.

Similarly, comparisons across modalities within each prompt showed powerful effects, again

with p-values often many orders of magnitude below conventional significance thresholds.

The only exception occurred for Phi4-m under prompt p3, where modality differences were

not statistically significant, suggesting a more stable empathic response pattern in that

specific condition.

6.4.2 Computability

All multimodal data, including audio, video, and transcripts, were stored on Google Drive

and organized by utterance for modular, shared access. Preprocessing included speaker

diarization, utterance segmentation, transcription, and audio extraction from video. Model
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Table 6.3: Reasoning quality (LLM-as-judge scores) across models for each modality–prompt
combination. Bold indicates the highest accuracy in each row (best model). Italics indicate
the best metric for each model across conditions.

Modality Prompt Qwen2.5-o Phi4-m MiniCPM-o-2.6
A p1 3.2016 3.8534 3.4994
A p2 3.6896 4.3462 3.2623
A p3 3.3235 3.8041 3.3438
A_V p1 3.8407 3.7935 3.4397
A_V p2 3.2593 3.9496 3.0865
A_V p3 3.1569 3.3666 2.8093
T_A p1 3.5519 3.4433 3.6655
T_A p2 3.4255 4.1672 3.1592
T_A p3 3.3977 3.1773 2.6586
T_A_V p1 3.9586 3.3218 2.9588
T_A_V p2 3.9485 3.9408 3.4971
T_A_V p3 3.3989 3.7043 2.7898

inference was run in a zero-shot setting using Google Colab Pro with A100 GPUs. As

discussed, each of the three multimodal LLMs (Qwen2.5-o, Phi4-m, and MiniCPM-o-2.6)

was evaluated across 12 perturbation conditions for three tasks, with each model requiring

3 hours and 65–70 compute units per dataset. LLM-as-judge evaluations (for reasoning and

empathy) were conducted via API (GPT-4.1, Gemini-2-Flash) and Google Colab inference

(LLaMA-3.1), with standardized prompts and fixed seeds to ensure consistency. All code,

prompts, and evaluation scripts will be released via GitHub to support reproducibility.

6.4.3 Stability

Emotion Recognition Stability

We quantify correctness-based stability across modalities and prompts. For each utterance,

we compute whether a prediction is correct (1) or incorrect (0) under each perturbation con-
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Table 6.4: Empathic message quality (LLM-as-judge scores) across models for each modality–
prompt combination. Bold indicates the highest accuracy in each row (best model). Italics
indicate the best metric for each model across conditions.

Modality Prompt Qwen2.5-o Phi4-m MiniCPM-o-2.6
A p1 4.4018 4.5876 4.3608
A p2 4.6151 4.8310 4.3081
A p3 4.4645 4.6460 4.2195
A_V p1 4.5864 4.6494 4.3023
A_V p2 4.4387 4.5865 3.5258
A_V p3 4.4330 4.6449 3.7159
T_A p1 4.6160 4.8310 4.4376
T_A p2 4.5418 4.6885 4.1592
T_A p3 4.3636 3.7862 3.2835
T_A_V p1 4.5391 3.7766 3.7446
T_A_V p2 4.6678 4.8304 4.3677
T_A_V p3 4.4828 4.6075 3.6964

dition and then measure how consistently those correctness outcomes agree across prompts

within a modality and across modalities within a prompt (Table 6.5). We complement this

with perturbation intervals (10–90% ranges) over correctness, which capture how tightly

performance is distributed across configurations (Table 6.6).

As shown in table 6.5, MiniCPM-o-2.6 exhibits the highest overall correctness stability across

most conditions, with the strongest stability for A and T_A_V, and all prompts. Qwen2.5-o

shows strong stability in visually informed conditions, with its best performance with A_V,

suggesting that when it is correct, it tends to remain consistently correct (or incorrect)

across prompt variations in audiovisual settings. Phi4-m’s correctness stability peaks for

T_A, indicating that it is most reliable when transcript-augmented audio is available.

The perturbation intervals in Table 6.6 provide a complementary view of robustness by

describing how correctness varies across perturbations. MiniCPM-o-2.6 generally achieves

the narrowest intervals at the modality level, implying that its accuracy is tightly clustered
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Table 6.5: Accuracy stability comparison across models. For each row, the highest value
(best model) is in bold. For each column, the highest value (best metric for that model) is
italicized.

Perturbation Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.742 0.661 0.749
p2 0.760 0.810 0.814
p3 0.777 0.750 0.802
Prompt-level (within modality across prompts)
A 0.814 0.805 0.874
T_A 0.757 0.840 0.787
A_V 0.885 0.721 0.826
T_A_V 0.821 0.693 0.847

and changes little under different prompts. Qwen2.5-o shows moderate interval widths,

with its best behavior again in A_V modality, whereas Phi4-m yields comparatively narrow

intervals for text modality, but wider ranges when visual modality is included.

Reasoning and Empathic Message Stability

To evaluate the semantic stability of generative outputs under perturbations, we quantify sta-

bility in a semantic space for both reasoning explanations and empathic messages. For each

utterance, we embed the generated reasoning or empathic text using the all-MiniLM-L6-v2

sentence encoder and compute cosine similarities (i) across prompts within a fixed modal-

ity and (ii) across modalities within a fixed prompt. We then aggregate these similarities

into mean stability scores (Tables 6.7 and 6.9) and perturbation intervals (10–90% ranges;

Tables 6.8 and 6.10).

As shown in table 6.7, the semantic stability of reasoning falls in the moderate range for

all multimodal LLMs, indicating that explanations change meaningfully when modalities
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Table 6.6: Accuracy perturbation interval (10–90%) comparison across models. For each
row, the narrowest interval (best model) is in bold. For each column, the narrowest interval
(best metric for that model) is italicized.

Perturbation Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.321–0.415 0.303–0.417 0.178–0.318
p2 0.369–0.445 0.263–0.289 0.191–0.286
p3 0.340–0.426 0.275–0.283 0.182–0.259
Prompt-level (within modality across prompts)
A 0.342–0.399 0.264–0.291 0.224–0.230
T_A 0.389–0.436 0.278–0.313 0.244–0.315
A_V 0.318–0.348 0.271–0.373 0.159–0.173
T_A_V 0.381–0.449 0.280–0.399 0.273–0.298

or prompts are perturbed. At the modality level, Qwen2.5-o is most stable when visual

information is available and for T_A, while MiniCPM-o-2.6 is most stable when generating

reasons for audio and T_A_V modality. Phi4-m shows its strongest reasoning stability

when aggregating across modalities for prompt p2 and p3, suggesting that its reasoning is

relatively consistent when the prompt is fixed but the modality composition varies.

The perturbation intervals in Table 6.8 provide a complementary view of the reasoning

stability. Qwen2.5-o achieves the tightest modality-level intervals for all prompts, indicating

that its reasoning similarity scores are less dispersed under modality perturbations. Phi4-

m tends to have narrower intervals in text-rich prompt-level settings, while MiniCPM-o-2.6

shows relatively tight intervals for A_V modality but very wide ranges for T_A_V modality,

suggesting occasional near-identical reasoning but also high variability across prompts.

Empathic messages generation stability exhibits a similar but slightly more stable pattern

(Table 6.9). Qwen2.5-o achieves the highest stability in most within-modality comparisons

and across modalities for p1 and p3, indicating that its empathic tone and framing remain

relatively consistent under perturbations. Phi4-m is most stable for p2, consistent with its
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Table 6.7: Reasoning stability across models. Bold indicates the highest value in each row
(best model). Italics indicate the best metric for each column.

Perturbation Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.5488 0.5297 0.5160
p2 0.5206 0.7412 0.6419
p3 0.5194 0.6192 0.5850
Prompt-level (within modality across prompts)
A 0.5958 0.5632 0.6280
A_V 0.6932 0.5202 0.5514
T_A 0.6024 0.5623 0.5204
T_A_V 0.6434 0.5105 0.6645

strong overall empathy scores, whereas MiniCPM-o-2.6 shows noticeably lower empathic

stability, particularly when visual data are included.

The perturbation intervals in Table 6.10 reveal that MiniCPM-o-2.6, despite lower abso-

lute stability, often yields the narrowest intervals in within-modality settings. This suggests

that its empathic messages are consistently semantically similar to one another, even if they

are less rich or human-like than those from Qwen2.5-o or Phi4-m. Phi4-m tends to produce

tighter intervals at the modality level for p1–p3, indicating relatively stable empathic seman-

tics once the prompt is fixed. Qwen2.5-o sits between, achieving higher mean stability but

with moderately wide intervals, reflecting both strong and occasionally divergent empathic

responses.
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Table 6.8: Perturbation intervals (10–90%) for reasoning stability across models. Bold in-
dicates the narrowest interval in each row (best model). Italics indicate the best interval
(narrowest) for each model across all conditions.

Perturbation Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.428–0.674 0.374–0.681 0.384–0.635
p2 0.388–0.667 0.557–0.877 0.504–0.772
p3 0.401–0.651 0.473–0.747 0.466–0.698
Prompt-level (within modality across prompts)
A 0.455–0.732 0.455–0.677 0.478–0.773
A_V 0.530–0.840 0.241–0.834 0.440–0.648
T_A 0.442–0.789 0.442–0.683 0.349–0.684
T_A_V 0.481–0.816 0.226–0.818 0.443–1.000

6.5 Discussion

6.5.1 Predictability vs Stability

Our analysis reveals clear distinctions in how the three multimodal LLMs behave across the

three affective tasks. In terms of predictability, Qwen2.5-o achieved the highest emotion-

recognition accuracy, outperforming Phi4-m and MiniCPM-o-2.6 across most modality–

prompt combinations. However, stability results show that MiniCPM-o-2.6, despite lower

accuracy and weaker generative quality, exhibited the most consistent behavior under per-

turbations, yielding the highest correctness stability for emotion recognition and the tightest

perturbation intervals for reasoning and empathy. Qwen2.5-o maintained the most consistent

empathic semantics, while Phi4-m was most stable when prompts remained fixed. Overall,

these findings show that the most accurate models are not necessarily the most stable, and

that high-quality generative responses do not guarantee accuracy and stability. Evaluat-

ing multimodal LLMs for sensitive applications such as mental health requires considering
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Table 6.9: Empathic message stability across models. Bold indicates the highest value in
each row (best model). Italics indicate the best metric for each model across all conditions.

Perturbation Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.4919 0.4479 0.3674
p2 0.5655 0.5743 0.4813
p3 0.5113 0.4856 0.4828
Prompt-level (within-modality across prompts)
A 0.5338 0.5024 0.4737
A_V 0.5777 0.4693 0.3191
T_A 0.5189 0.4971 0.3563
T_A_V 0.5626 0.4553 0.4758

prediction accuracy, generative quality, and stability jointly rather than in isolation.

6.5.2 Modality and Prompt Sensitivity

Across models, both modality and prompt perturbations had substantial effects on perfor-

mance. Multimodal inputs, particularly T_A and T_A_V, achieved the highest emotion-

recognition accuracy and exhibited more consistent reasoning, underscoring the importance

of linguistic grounding for affective inference. A and A_V configurations were more vari-

able, especially for Phi4-m and MiniCPM-o-2.6, highlighting modality-specific weaknesses

when semantic cues are limited. Prompt phrasing also introduced meaningful variation, with

prompt p2 consistently improving the quality of reasoning and empathy, whereas the oth-

ers produced notable instability across modalities. These findings indicate that multimodal

LLMs remain highly sensitive to small perturbations in the prompt, even when the task is

fixed.
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Table 6.10: Perturbation intervals (10–90%) for empathic message stability across models.
Bold indicates the narrowest interval in each row (best model). Italics indicate the best
interval (narrowest) for each model across all conditions.

Perturbation Qwen2.5-o Phi4-m MiniCPM-o-2.6
Modality-level (within prompt across modalities)
p1 0.302–0.694 0.300–0.613 0.260–0.488
p2 0.406–0.751 0.420–0.722 0.341–0.637
p3 0.313–0.760 0.332–0.654 0.309–0.645
Prompt-level (within modality across prompts)
A 0.347–0.715 0.337–0.709 0.292–0.668
A_V 0.382–0.735 0.278–0.693 0.211–0.444
T_A 0.314–0.723 0.317–0.695 0.222–0.526
T_A_V 0.365–0.760 0.264–0.685 0.215–1.000

6.5.3 Implications on Mental Health

Multimodal LLMs hold promise for emotionally supportive applications such as daily stress

monitoring and reflective dialogue, but our results highlight important limitations for these

sensitive settings. Although models such as Qwen2.5-o and Phi4-m can achieve high emotion

recognition accuracy, high-quality reasoning, and empathetic responses, their outputs remain

highly sensitive to modality configuration and prompt phrasing, leading to fluctuations in

emotional tone and coherence. Such variability can undermine user trust and risk delivering

support that feels inconsistent or poorly aligned with a user’s emotional state.

These findings emphasize that mental-health applications require not only accurate emotion

recognition but also stable and emotionally coherent generative behavior. Designers must

balance responsiveness with reliability by using standardized prompts, robust multimodal

inputs, and safeguards against perturbation-induced shifts. Ensuring consistent emotional

framing is essential for maintaining system trustworthiness and supporting users in moments

when stability is paramount.
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6.5.4 Towards Multimodal Empathic LLMs (MEmLLMs)

Our extensive evaluation of emotion recognition, reasoning, and empathic message genera-

tion establishes a robust foundation for designing effective MEmLLMs. These systems are

designed to support users in emotionally sensitive contexts, such as mental health, education,

and well-being, by recognizing users’ emotions and responding with coherence, empathy, and

contextual awareness. By analyzing the predictability and stability of the three multimodal

LLMs across benchmark emotion recognition datasets, our study highlights significant dif-

ferences in performance and underlying biases among the LLMs. This evaluation enables

designers to select models that ensure accurate and balanced overall performance within

defined modality configurations. Furthermore, our analysis offers insights into customizing

LLMs to mitigate bias and improve generalization. It also contributes to refining a critical

aspect of MEmLLMs, namely the generation of empathic and personalized user interactions.

6.5.5 Limitations and Future Directions

Our findings should be interpreted in light of several limitations. First, we have harmonized

labels across datasets using the Ekman six + neutral, which collapses finer-grained emotions

and may obscure class-specific effects. Second, reasoning and empathy scores were produced

by LLM judges; although we used multiple raters and conducted ICC checks, judge bias and

ceiling effects remain possible. All evaluations have been zero-shot and conducted on three

datasets with acted and scripted utterances. Finally, we have not assessed how real users

perceive or respond to instability in empathic text.

Future work should explore stability-aware fine-tuning (e.g., consistency training across

prompt or modality perturbations). Models could also benefit from explicit supervision that



6.6. CONCLUSION 159

aligns predicted emotions with reasoning traces and empathic messages. Human-centered

evaluations should examine how perturbation-induced variability affects trust, emotional

safety, and user experience. Future work should also evaluate fairness across demographic

groups and cultural contexts. Finally, extending our PCS-based methodology to an open

benchmark could enable reproducible comparisons.

6.6 Conclusion

This chapter presents a systematic evaluation of multimodal LLMs across modalities, prompts,

and tasks, examining their predictability, computability, and stability. Our results show

that while multimodal inputs improve emotion-recognition accuracy, generative reasoning

and empathic responses remain highly sensitive to prompt phrasing and modality config-

uration. Models that perform well on prediction do not necessarily produce consistent or

emotionally coherent explanations, revealing a critical gap in current LLM capabilities. By

analyzing perturbation-based stability and semantic similarity across reasoning and empathic

messages, we uncover fluctuations that traditional accuracy metrics cannot capture. These

findings underscore the need for reliability and consistency when deploying multimodal LLMs

in emotionally sensitive settings. Overall, this work offers a replicable evaluation framework

and highlights pathways for more robust and trustworthy empathic AI.
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Broader Scope of Empathic

Human-AI Interaction

The Empathic LLMs (EmLLMs) discussed in the chapters so far refer to AI systems that can

infer human affect using physiological and behavioral data, including physiological signals,

textual inputs, and facial and vocal features, and generate content to support users for mental

health applications. The AI systems studied in this research were developed and deployed on

web-based and mobile applications. User studies were conducted among graduate students

and mental health experts to design, develop, and evaluate physiology-driven EmLLMs.

Empirical studies were also conducted on multimodal LLMs to evaluate their performance

and stability in emotion recognition, reasoning, and empathic message generation. However,

such AI systems can have a broader scope, spanning multiple dimensions, including the

individuals with whom the system interacts, the contextual usage, the devices used for data

collection and user interaction, the AI’s key capabilities, and user experiences (Figure 7.1).

Several factors, including user roles, contextual scenarios, and technological resources, shape

empathic human-AI interaction. In mental health applications, empathic AI systems can as-

sist both patients and doctors. They can provide support and information to patients around

the clock, monitor patients’ states and alert staff to intervene, and handle therapeutic check-

ins in an emotionally attuned manner [33]. In education, empathic AI tutors equipped with

emotion-sensing capabilities can adapt to students’ moods and confusion [243], and teach-
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Figure 7.1: Conceptual framework for Empathic LLMs, highlighting the broader impact
across various users, scenarios, devices, AI’s capabilities, and user experiences
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ers can use such AI to gauge class engagement or stress, enabling timely interventions. In

the workplace, AI companions could detect signs of stress among employees and proactively

recommend a break or provide stress-management resources. Managers might use aggregate

sentiment analysis from such systems to gauge morale and burnout levels.

Empathic AI can also collect and use data from users’ contextual environment to make more

accurate inferences about user state and environmental conditions. For example, in smart

homes and personal spaces, such systems can collect user and environmental data to sense

user stress and comfort, dimming lights, playing calming music, releasing comforting fra-

grances, or adjusting indoor temperature [54, 101]. In industrial and construction settings,

workers frequently face physical hazards and high levels of stress. Empathic AI equipped

with environmental and wearable sensors can monitor safety compliance, infer fatigue, and

forecast an elevated risk of error, enabling real-time interventions such as sending personal-

ized feedback to the worker or issuing an emergency alert to a supervisor [65]. In autonomous

and semi-autonomous vehicles, such AI systems can integrate inputs from cameras, micro-

phones, and physiological sensors embedded in steering wheels or seats to assess the driver’s

state, initiating automated control to prevent accidents [117].

The data collection and interfacing devices discussed so far primarily include wearables

such as wristbands, smartwatches, and smartphones, as well as personal computers, smart

homes, and autonomous vehicles, thereby enabling multimodal data collection and user

interaction. Extended Reality (XR) devices offer unique opportunities for Empathic AI. XR

and empathy can be explored from two distinct perspectives. First, XR can be viewed as an

“empathy machine” that elicits emotional, cognitive, or compassionate empathy in users. XR

as “empathy machine” can be further divided into: (1) standalone XR experiences that foster

empathy through immersive embodiment [107]; and (2) collaborative XR systems in which

multimodal cues are shared among participants to support collective perspective-taking and
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teamwork [160]. Second, XR can be viewed as an “empathetic entity” that empathizes with

users and customizes the XR user experience accordingly. Such XR systems are designed to

sense, interpret, and respond to users’ states and surrounding environments [5]. Integrating

AI into XR transforms it from a passive medium into an active, empathic partner that adapts

to users and supports well-being, learning, collaboration, and safety.

The role of AI in EmLLMs was restricted to classifying users’ affective states and generat-

ing supportive text-based content. However, empathic AI can extend beyond multimodal

classification and text generation to include audio, video, and 3D object generation in XR

environments, as well as forecasting user states in advance and performing agentic opera-

tions. Empathic AI can forecast user states in advance, enabling proactive interventions

before disengagement, stress, or safety risks escalate [190]. Moreover, such systems can cre-

ate audio with emotional prosody, adaptive visual feedback, and even 3D objects in XR

environments that respond to user states [20]. Beyond perception and generation, empathic

AI can also perform agentic actions on behalf of the user. Empathic AI should also en-

sure trustworthiness by addressing explainability, uncertainty, bias, and privacy, thereby

avoiding misinterpretation, unfair outcomes, and over-reliance in sensitive domains.

Lastly, evaluating user experience with empathic AI requires a multidimensional approach.

One key dimension is user agreement with AI inferences, which reflects whether users per-

ceive the system’s emotion recognition and contextual assessments as accurate and relevant

to their lived experience. User personalization and engagement are also critical. The AI

generation must adapt to individual preferences, histories, and emotional baselines to reduce

the risk of generic or inappropriate responses. Equally important is user trust in the overall

performance of AI, encompassing the system’s transparency, fairness, and reliability across

contexts. Finally, the usability of the empathic AI system, its ease of interaction, accessi-

bility, and integration into users’ routines, shape whether users will accept and continue to
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rely on it.



Chapter 8

Conclusion

This dissertation examined the design, development, and evaluation of physiology-driven Em-

pathic Large Language Models (EmLLMs) for daily stress management and general mental

health support. Motivated by the growing stress burden among graduate students and the

limitations of existing digital mental health tools, the research sought to explore how com-

bining physiological and behavioral sensing with LLMs can provide adaptive, empathetic,

and effective support.

Three overarching research goals guided this work: (1) systematically reviewing stress and

affect recognition with physiological signals and systems with biocybernetic adaptation, (2)

designing and evaluating physiology-driven prototypes that integrate stress inferences with

LLM-based dialogue, and (3) investigating the capabilities of multimodal LLMs for affect

recognition, reasoning, and empathic message generation.

The systematic review demonstrated that physiological signals are reliable markers of stress

and affect. However, robust performance requires personalization, contextual calibration,

and careful attention to ecological validity. Importantly, systems employing biocybernetic

adaptation were found to improve engagement, usability, and stress regulation compared to

static designs, though challenges remain around scalability, accessibility, and evaluation in

real-world settings.

Building on these insights, this dissertation introduced multiple prototypes that integrated
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psychophysiological stress inferences from wearables with conversational LLM-based inter-

ventions. Autoethnographic and pilot studies with graduate students showed that such

systems hold promise for everyday stress support, while also revealing key design trade-offs.

Expert evaluations emphasized the importance of striking a balance between automation

and user agency, incorporating privacy protections, and maintaining transparency to foster

trust in mental health contexts.

The investigation of multimodal LLMs revealed their potential to combine audio, video,

and text inputs for richer affect recognition and reasoning. These models demonstrated

promising zero-shot performance, but also exhibited variability across modality and prompt

perturbation, inconsistencies between classification and reasoning, and risks of unstable em-

pathic message generation. Overall, this dissertation advances a foundational understanding

of how physiology-driven and multimodal empathic AI can be designed, evaluated, and re-

sponsibly deployed to support everyday stress management and mental well-being.
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Appendix

9.1 Prompt Design Templates and Sample Conversa-

tions for Chapter 3

9.1.1 Design Templates of custom GPT

DeStressify

I am pursuing a PhD in computer science. I primarily work remotely from home on my

research, which involves multiple virtual meetings each week, including two research dis-

cussions with my professor to review progress and receive guidance. As a PhD student, I

often experience stress related to managing complex research tasks, anxiety about future

career prospects, and maintaining work-life balance. The goal of this GPT is to assist in

developing effective strategies for managing my stress and stressors, maintaining motivation,

and sustaining productivity throughout my academic journey. Below are the instructions

for this GPT.

1. Role Definition: This GPT should act as a stress intervention specialist trained to

provide personalized, actionable advice to help manage stress effectively.

2. Tone and Approach: Ensure the GPT outputs are empathetic, supportive, and prac-
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tical. Emphasize understanding and acknowledging the user’s stressors to foster trust

and relatability. Avoid complex jargon; prioritize simplicity and clarity in responses.

3. Core Functionality: Assess the user’s input for specific stressors and location details

to tailor its advice. Suggest interventions that are realistic and achievable within the

user’s context.

4. Output Requirements: Provide stress management techniques that directly address

the described stressor. Adjust recommendations based on location.

5. Constraints and Best Practices: Avoid generic or overly broad advice; focus on

specific, user-centered recommendations. Ensure responses are concise yet detailed

enough to guide the user through the intervention.

6. Continuous Improvement: Incorporate feedback mechanisms to allow the user to

indicate whether the advice was helpful. Adjust future outputs based on user prefer-

ences and past interactions.

After each intervention, the GPT should ask different questions to gather feedback about

the relevance and effectiveness of the intervention. Use this feedback to refine future recom-

mendations.

StressGPT

This GPT is a supportive guide to help users manage everyday stress, grounded in the

principles of Cognitive Behavioral Therapy (CBT). It focuses on specific CBT techniques,

including Cognitive Restructuring, Problem-Solving Skills, Journaling and Thought Records,

Socratic Questioning, Reframing, and Stress Inoculation Training (SIT). Stress GPT helps

users identify and challenge negative thought patterns, develop healthier coping mechanisms,
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and build resilience through practical, actionable strategies. It provides personalized advice

aligned with the user’s preferences, lifestyle, and unique stressors, creating a calm and up-

lifting space. Responses are empathetic, clear, and aimed at fostering self-awareness and

emotional well-being.

9.1.2 An Illustration of Generic vs Targeted Prompts for DeStres-

sify

Generic Prompt: I am stressed right now. Can you help me?

Response: It sounds like you’re experiencing stress tied to managing the complexities of

your PhD journey. The combination of remote work, high-level research demands, career

uncertainties, and balancing your personal life in a solitary environment can definitely feel

overwhelming. Here’s a targeted approach to help you decompress right now:

Quick Intervention: Progressive Muscle Relaxation (PMR)

This exercise is especially helpful when you’re working from home and need to release tension

without leaving your desk.

1. Sit comfortably in your chair, or lie down if you prefer.

2. Focus on one muscle group at a time, starting from your toes:

• Curl your toes tightly and hold for 5 seconds, then release.

• Move up to your calves: tighten them, hold, and release.

• Work through your thighs, abdomen, chest, arms, and shoulders, ending with your

face.

3. With each release, breathe deeply, imagining the tension leaving your body.
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4. End by taking three slow, deep breaths and noticing how your body feels.

This technique not only reduces physical tension but can also clear your mind to approach

your tasks more calmly.

Targeted Prompt: I am stressed right now because of trying to replicate a

research paper. Can you help me?

Response: Struggling with understanding and implementing a paper is a common stress

point for researchers, and it’s entirely valid to feel overwhelmed. Let’s break this down into

manageable steps to alleviate the stress and help you move forward effectively.

Intervention: Structured Debugging and Support

1. Step Back and Breathe:

• Take a 5-minute break to reset. Practice box breathing:

– Inhale for 4 seconds, hold for 4 seconds, exhale for 4 seconds, and hold again

for 4 seconds. Repeat this cycle three times.

• This will calm your nervous system, helping you approach the problem with a

clearer mind.

2. Decompose the Problem:

• Break the challenging portion of the implementation into the smallest possible steps

or components. Write down exactly what you understand and what is unclear.

• Identify the precise point where the confusion or difficulty arises.

3. Seek Clarification:
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• Check for supplementary materials: many papers have public GitHub repositories,

appendices, or links to datasets that might provide additional insight.

• If possible, reach out to the authors with a clear, concise email explaining your

specific question. Authors often appreciate when their work is being engaged with

thoughtfully.

4. Leverage Support Networks:

• Post your issue on forums like Stack Overflow, Reddit’s r/MachineLearning, or

any academic community.

• If you have peers or colleagues, schedule a quick call or chat to explain your

understanding and hear their perspective. Often, talking it out helps untangle the

problem.

5. Make Peace with Partial Progress:

• Remind yourself that replication can be iterative. Even understanding just one

more piece today is progress.

Would you like help drafting a specific message to an author or academic forum? Alterna-

tively, we could outline the problematic portion together here, and I could help brainstorm

possible explanations or approaches.
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9.2 Prompt Design Templates and Sample Conversa-

tions for Chapter 6

9.2.1 Design Template of the Prompts

Prompt 1

conversation_P1 = [

{

"role": "system",

"content": [

{

"type": "text",

"text": (

"You are Qwen, a virtual human developed by the Qwen Team, "

"Alibaba Group, capable of perceiving auditory and visual "

"inputs, as well as generating text and speech."

)

}

],

},

{

"role": "user",

"content": [

{

"type": "text",

"text": (

"Analyze the provided multimodal data (audio, video, and/or transcript) "

"to recognize the person's affective state, emotion, and sentiment, "

"then explain your reasoning and provide a short supportive message. "

"Return your answer strictly as a valid JSON object using the exact "

"keys below — no extra commentary, text, or explanations.\n\n"

"{\n"



9.2. PROMPT DESIGN TEMPLATES AND SAMPLE CONVERSATIONS FOR CHAPTER 6 173

" \"affective_state\": \"Valence: <positive|negative>, "

"Arousal: <high|low>\",\n"

" \"emotion\": \"<one-word emotion>\",\n"

" \"sentiment\": \"<positive|negative|neutral>\",\n"

" \"reasoning\": \"<brief reasoning for your recognition>\",\n"

" \"message\": \"<short supportive message>\"\n"

"}"

)

},

{

"type": "audio",

"audio": audio_path

}

],

},

]

Prompt 2

conversation_P2 = [

{

"role": "system",

"content": [

{

"type": "text",

"text": (

"You are Qwen, a virtual human by the Qwen Team (Alibaba). "

"You can perceive audio/video and generate text/speech."

)

}

],

},

{

"role": "user",

"content": [

{
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"type": "text",

"text": (

"Analyze the given multimodal data (audio, video, and/or transcript). "

"Your goals: infer affective state (valence, arousal), emotion (one word), "

"and overall sentiment, then explain briefly and give a short empathic message.\n\n"

"Guidelines:\n"

"- Audio: tone, pitch, loudness, pace, pauses.\n"

"- Video: facial expression, gaze, head motion, posture/tension.\n"

"- Text: word choice, polarity, intensity.\n"

"- Valence: positive or negative. Arousal: high or low.\n"

"- Emotion: one concise label (e.g., happy, sad, angry, calm, anxious, "

"frustrated, relieved, surprised).\n"

"- Sentiment: positive, negative, or neutral.\n"

"- Reasoning: one short sentence citing observable cues.\n"

"- Message: 1–2 short supportive sentences, warm and natural.\n\n"

"Return ONLY a valid JSON with EXACT keys/values (no extra text):\n"

"{\n"

" \"affective_state\": {\"valence\": \"<positive|negative>\", "

"\"arousal\": \"<high|low>\"},\n"

" \"emotion\": \"<one-word emotion>\",\n"

" \"sentiment\": \"<positive|negative|neutral>\",\n"

" \"reasoning\": \"<one concise sentence using observable cues>\",\n"

" \"message\": \"<1–2 sentence empathic message>\"\n"

"}\n\n"

"Rules:\n"

"- Use lowercase for valence/arousal/sentiment.\n"

"- Keep emotion to one word.\n"

"- Do not output anything outside the JSON."

)

},

{"type": "audio", "audio": audio_path}

],

},

]
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Prompt 3

conversation_P3 = [

{

"role": "system",

"content": [

{

"type": "text",

"text": (

"You are Qwen, a virtual human by the Qwen Team (Alibaba). "

"You can perceive audio/video and generate text/speech."

)

}

],

},

{

"role": "user",

"content": [

{

"type": "text",

"text": (

"Observe the multimodal data (audio, video, and/or transcript). "

"Imagine being present with the person: notice tone, pace, facial cues, and words. "

"Reflect briefly on their likely affective state, dominant emotion (one word), "

"and overall sentiment. Then offer a short empathic message.\n\n"

"Return ONLY this JSON (no extra text):\n"

"{\n"

" \"affective_state\": \"Valence: <positive|negative>, Arousal: <high|low>\",\n"

" \"emotion\": \"<one-word emotion>\",\n"

" \"sentiment\": \"<positive|negative|neutral>\",\n"

" \"reasoning\": \"<brief reasoning referencing observed cues>\",\n"

" \"message\": \"<short supportive message>\"\n"

"}"

)

},

{"type": "video", "video": audio_path}
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],

},

]

9.2.2 An Illustration of Outputs by Multimodal LLMs

Model Data sr id Ground
Truth

PredA PredTA PredAV PredTAV Reasoning Empathy

Qwen2.5 MELD 1 dia0 sadness sad shocked sad shocked The audio shows
shock and concern
(“oh my god”, “he’s
lost”), indicating
sadness and worry.

I’m sorry you’re feel-
ing this way — let’s
try to find him and
get support.

Qwen2.5 MELD 2 dia1 anger ang ang ang ang Voice is
sharp/raised; tran-
script shows irri-
tation and forceful
language.

I know things feel in-
tense — let’s pause
and take a breath
together.

Qwen2.5 MELD 3 dia2 joy joy joy joy joy Warm tone, laugh-
ter cues, relaxed fa-
cial posture indicat-
ing positive affect.

I’m glad you’re feel-
ing good — keep en-
joying the moment.
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