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Abstract

As the global population ages and dementia prevalence increases, there is a pressing need
for accessible and scalable technologies to support well-being and safety at home. Timely
detection of cognitive impairment remains a major unmet need. Conversational robots hold
potential for home assistance through verbal interactions. However, real-world deployments
face challenges in long-term engagement, personalised care, and clinical utility. This disser-
tation designed and evaluated conversational robots to support well-being, enhance home

safety, and monitor cognitive health.

In a year-long deployment of conversational technology in homes of people affected by de-
mentia (N=14), this work demonstrated the feasibility of mapping behaviour by analysing
activity sequences, highlighting the potential of conversational Al to provide proactive verbal

support in response to safety risks.

This research introduced a machine learning approach and evaluated spoken language as a
biomarker for automated assessment of cognitive health. In screening cognitive impairment,
the best-performing model, trained on 100 interpretable linguistic features extracted from a
benchmark DementiaBank dataset (N=291), achieved a mean sensitivity of 69.4% and speci-
ficity of 83.3%. On pilot data collected in-residence (N=22), this model achieved a mean
sensitivity of 70% and specificity of 52.5%. In predicting the severity of cognitive decline via
Mini-Mental State Examination (MMSE) scores, results showed a mean absolute MMSE error
of 3.7 and comparable performance of 3.3 on real-world data, demonstrating generalisabil-
ity. Risk stratification and feature importance analysis enhanced the clinical utility of model

predictions and enabled the identification of higher-risk individuals for timely interventions.

This dissertation involved stakeholders with lived experience of ageing and dementia (N=111)
in real-world evaluation studies conducted in the UK, India, and the USA, assessing technology
acceptance, user engagement, and feasibility of home use. Additionally, this work designed
a large language model-powered socially assistive robot and validated a new approach to

in-residence cognitive support through human-robot verbal dialogue.






Contents

1 Introduction

1.1
1.2
1.3
1.4
1.5

2.1
2.2

2.3
2.4

3.1
3.2

3.3

3.4

35
3.6

Motivation . . . . . . . . . .
Objectives . . . . . . . . .
Contributions . . . . . . . . . ..o
Publications . . . . . . . . ...

Dissertation Outline . . . . . . . . . . . . . .. ..

Related Work

Socially Assistive Robots in Older Age and Dementia Care . . . . . . .. ..
Conversational Al for Health and Well-being Support . . . . . . .. .. ...
2.2.1 Communication and Adoption Challenges . . . . . . . .. ... ...
2.2.2 Opportunities and Risks of LLMs . . . . . . .. ... ... .....
Machine Learning for Cognitive Health Assessment . . . . . . . . . .. ...

Research Challenges . . . . . . . . . . . .. . ... ... ... ... ....

Behaviour Monitoring with Conversational Technology at Home

Overview . . . . . . . . e
Background . . . . . . .
3.2.1 Home Activity Monitoring . . . . . . . .. ... ... ... ..
3.2.2 Similarity Methods . . . . . . . ... ...
323 Topic Modelling . . . . .. .. ...
Methods . . . . . . . . . .
3.3.1 Research Questions . . . . . . . . . ... ...
3.3.2 Participants and Setting . . . . . ... .. ...
3.3.3 Longitudinal Deployment . . . . . . . .. ... ... .. .. ....
3.3.4 Similarity of Activity Sequences . . . . . . . .. ... ... ... ..
3.3.5 Topic Modelling of Interaction Data . . . . . .. ... ... .....
Results . . . . . . . .
341 Long-Term Engagement at Home . . . . . . . . ... ... .....
3.4.2 Mapping Behaviour from Activity Sequences . . . . . ... .. ...
3.4.3 Use of Conversational Technology After Clinical Events . . . . . . .
Discussion . . . . . . . . L

Summary . . ... e

Predictive Modelling of Cognitive Health from Spoken Language

WO =~ O N =

11

12
13
19
19
20
22
23

24
25
26
26
26
27
28
28
29
29
31
34
35
35
38
43
44
47

48



Contents

Contents

41 Overview . . . . . . . . e
42 Background . . . .. ...
421 Cognitive Health Screening . . . . . . ... .. ... ....
422 \Voice Biomarkers . . . ... ... oo
43 Methods . . . . . . ...
43.1 Research Questions . . . . . . . . . ... ... ....
432 SpeechDatasets . . . ... .. .. ... ... ........
4.3.3 Acoustic and Linguistic Features . . . . . . . . ... ... ..
434 Predictive Modelling . . . . . .. ... ...
435 RiskScores. . . . . . . ...
44 Results . . . . . . .
441 Model Performance in ADRD Detection. . . . . . ... ...
4.4.2 Correlation with Cognitive Scores . . . . . . . .. ... ...
443 Risk Analysis . . . . . . .. L
4.4.4 Linguistic Feature Importance . . . . . . .. .. ... ....
445 Model Performance in Severity Prediction . . . . . .. .. ..
446 Real-World Pilot Study . . . . .. .. ... ... .. ....
45 Discussion . . . . ...
4.6 Summary . . ... L

5 Robot Evaluation and User Engagement in Real-World Settings
5.1 Study 1:

The Role of Conversational Al in Dementia Care at Home . . . . . .
5.1.1 Background . . . .. ... .. ...
512 Methods . . . . . . . ... ...
5.1.2.1 Research Questions . . . . . . . . . ... .. ...
5.1.2.2 Participants . . . .. .. .. ... ... ..
5.1.2.3 Participatory Workshops . . . . . . .. ... ...
513 Results . . . . . . ...
5.1.3.1 Perceived Utility for Home Support . . . . . . . ..
5.1.3.2 Robot Design Preferences . . . . . . ... ... ..
5.1.3.3 Perceived Barriers to Adoption . . . .. ... ...
514 Discussion . . . . . . ... ..
5.2 Study 2:
Cultural Feasibility inIndia. . . . . . .. ... ... ... ... ...
521 Background . . . .. ... ...
522 Methods . . . . . . . ... L.
5221 Research Questions . . . . . .. . . ... .. ...
5.2.2.2 Participants and Setting . . . . .. ... ... ...

M. R. Lima

vi



Contents Contents
5.2.2.3 Robotic Platforms . . . . . . . . .. .. ... ... ... 89
5224 QOutcome Measures . . . . . ... ... .. .. ...... 90
523 Results . . . . .. 02
5231 Human-Robot Engagement . . . . . . ... ... ..... 02
5232 Robot Acceptance . . . . . .. ... ... 04
5.2.3.3 Feasibility and Perceived Utility inIndia. . . . . . ... .. 95
524 Discussion . . . . . . ... 08
5.3 Study 3:
Promoting Cognitive Health with LLM-Powered Socially Assistive Robots . . 101
5.3.1 Background . . . . . ... 101
532 Methods . . . . . . ... 103
5.3.2.1 Research Questions . . . . . . . . . . .. ... ... ... 103
5.3.2.2 Conversational SAR . . . . . . .. ... .. ... ..., . 104
5.3.2.3 Interaction Design . . . . . . ... ... .. ... ... .. 105
5.3.24 User Study in Retirement Homes . . . . . . .. ... ... 108
5.3.2.5 Linguistic Analysis of Cognitive Tasks . . . . . . . ... .. 111
533 Results . . . . .. . 112
5331 Task Performance . . . . . . ... ... ... ....... 112
5.3.3.2 Verbal Engagement . . . . . . . ... ... ... ..... 114
5.3.3.3 Perceived Usability and Robot Acceptance . . . . ... .. 115
5.3.34 User Experience in Robot-Administered Sessions . . . . . . 116
534 Discussion . . . . . . ... 120
5.4 Summary . . ... L e 127
6 Conclusion 128
6.1 Dissertation Summary . . . . . . ... L. 129
6.2 Limitations . . . . . . . ... 134
6.3 Future Directions . . . . . . . . . . .. .. 136
6.4 Closing Remarks . . . . . . . . . . .. ... 138
References 139
Appendix 157
M. R. Lima vii



List

1.1

2.1
2.2

31
3.2
3.3
3.4
35
3.6
3.7
3.8

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
411

51
5.2
5.3
54
55
5.6
5.7
5.8
5.9

5.10 Task performance comparison between the first and last study sessions.

of Figures

Clinical pathway for ADRD detection, diagnosis and care. . . . . . . .

SAR platforms used for health and well-being support in elder care. . .

Design trends of SARs to support target populations. . . . . . . . ..

Technology used for in-home data collection. . . . . . . .. . .. ..
[llustration of the behaviour analysis pipeline. . . . . . . . . ... ..
Topic modelling. . . . . . . . ...
Longitudinal Alexa interaction data. . . . . . . .. . .. ... ...
Engagement with Alexa during and after the novelty period. . . . . .
Topic distribution. . . . . . . . .. ..o
Probability of behavioural events before or after Alexa use. . . . . . .

Similarity matrices of in-home activity sequences. . . . . . . . . . ..

Feature extraction from speech and language. . . . . . . . . . . . ..
Proposed ML pipeline for cognitive health assessment. . . . . . . . .
Model calibration and reliability plots. . . . . . . . . . . . ... ..
Confusion matrices for the best-performing models in ADRD detection.

Predicted positive cases per cognitive group. . . . . . . . . . . . ..
Distribution of model predictions for MMSE groups. . . . . . . . ..
Risk level distribution by MMSE scores. . . . . . . . . . . ... ...
SHAP results. . . . . . . . o o
Feature importance results for individual predictions. . . . . . . . ..
Model performance in individual MMSE score prediction. . . . . . . .

Model performance in MMSE prediction across cognitive groups. . . .

Activities, material and demos used in the participatory workshops. . .

Stakeholder preferences for conversational Al features and support functions.

Affective robotic platform tested in India. . . . . . . . . .. .. ...

Experimental setup in the participatory study in India. . . . . . . ..

Emotional, verbal and visual engagement with the three conversational robots.

Perceived sociability, ease of use and trust for each robot evaluated. . .

System implementation of an LLM-powered SAR administering cognitive tasks.

Experimental setup during a picture description task. . . . . . . . ..

Study design with five weekly sessions of interactive cognitive tasks. . .

14
15

30
32
34
36
37
38
39
40

53
54
58
60
61
62
63
64
65
66
67

78
83
89
91
94
95
104
105
109
113

viii



List of Figures List of Figures

5.11 Verbal social engagement in study sessions. . . . . . . . .. .. .. ... ... 115
5.12 Results from acceptance questionnaires. . . . . . . . . . . . ... ... 116
A4.1 Cookie Theft picture. . . . . . . . . . . . .. 169
A4 .2 Picnic Scene picture. . . . . . ... L 169

M. R. Lima ix



List of Tables

2.1 Conversational SARs evaluated in clinical applications. . . . . . . ... .. .. 16
3.1 Participant cohort and data acquisition. . . . . . . . . . . ... ... .. ... 29
3.2 Behavioural events captured by loT technologies. . . . . . . .. .. ... ... 31
3.3 Case study 1 — probability of behavioural events for each cluster identified. . . . . 41
3.4 Case study 2 — probability of behavioural events for each cluster identified. . . . . 41
3.5 Case study 3 — probability of behavioural events for each cluster identified. . . . . 42
4.1 Demographic characteristics of the study cohorts. . . . . . . .. .. ... ... 52
4.2 DementiaBank datasets. . . . . . . . .. ... ... ... 52
4.3 NLP-based linguistic features extracted for predictive modelling. . . . . . . . .. 55
4.4 ML models and parameters evaluated. . . . . . . . . . . .. ... ... .. 56
4.5 Results of the feature sets tested for ADRD detection in binary classification. . . 60
4.6 Model performance in binary classification using interpretable linguistic features. . 60
4.7 Model performance on demographic group splits. . . . . . . .. .. ... ... 61
4.8 Model performance on MMSE group splits. . . . . . . . . . ... ... .... 62
4.9 MMSE prediction results for the 10-fold CV. . . . . . . . . . . . .. ... .. 66
4.10 Severity prediction results using the best-performing RFR-NLP model. . . . . . . 66
4.11 Participant word transcription proportion by cognitive group. . . . . . . . . .. 67
5.1 Scenarios and prompts used in participatory workshops. . . . . . . . .. . ... 77
5.2 Results of the OME engagement metrics for the three robots evaluated. . . . . . 93
5.3 Results from robot acceptance questionnaires. . . . . . . . . . . . . ... .. 95
5.4 Prompt used in LLM-powered robot-administered cognitive tasks. . . . . . . .. 107
5.5 Prompt designed for the LLM-driven moderator. . . . . . . .. .. ... ... 107
5.6 Demographics and number of animals named in the semantic fluency task. . . . 114
5.7 Perceived ability to focus and promote cognitive health. . . . . . . . ... ... 117
5.8 HRI experience, perceptions of the robot, and suggested improvements. . . . . . 119
5.9 Perceived usefulness and interest in continued use. . . . . . .. .. ... ... 120
Al.1 Summary of key HRI studies reviewed. . . . . . . . . .. .. ... .. .... 159
A2.1 Comparison analysis of clustering methods. . . . . . . .. .. ... ...... 164
A2.2 Distribution of topic triggers by time of day and novelty period. . . . . .. . .. 164
A2.3 Cluster distributions within the selected time period. . . . . . . . . . .. ... 165
A2.4 Cluster distributions outside the selected time period. . . . . . . . . . . . ... 165
A3.1 OME metrics used to assess engagement during HRI sessions. . . . . . .. . .. 166



List of Tables List of Tables

A3.2 Engagement metrics assessed from video analysis. . . . . . . .. ... .. ... 167
A3.3 Items used in the robot acceptance questionnaire. . . . . . . . . . . . . . ... 168
A3.4 OME results in robot-assisted cognitive engagement. . . . . . . . . ... ... 168
A5.1 LLM-generated response parameters. . . . . . . . . . . ... .. e ... 170
A5.2 Groups used in LLM-generated hints during verbal cognitive tasks. . . . . . . . 171
A5 .3 Statistics results for linguistic analysis during the picture description task. . . . . 172
Ab.4 Acceptance scores for robot-administered sessions. . . . . . .. . . ... ... 173

A5.5 Spearman’s correlation between robot acceptance ratings and BFI personality traits. 174

M. R. Lima Xi



Acronyms

ADAS-Cog Alzheimer's Disease Assessment Scale-Cognitive Subscale
AD Alzheimer's disease

ADLs Activities of daily living

ADRD Alzheimer's disease and related dementias

Al Artificial intelligence

ASR Automatic speech recognition

AWS Amazon Web Services

BDAE Boston Diagnostic Aphasia Examination

BERT Bidirectional encoder representations from transformers
BFI Big Five Inventory

Cl Confidence interval

CN Cogpnitively normal

CLES Common-language effect size

CV Cross-validation

DRI-CR&T Dementia Research Institute Care Research and Technology Centre
eGeMAPS Extended Geneva Minimalistic Acoustic Parameter Set
FDR False discovery rate

GPT Generative pre-trained transformer

HRI Human-robot interaction

loT Internet of things

IRB Institutional Review Board

LIWC Linguistic Inquiry and Word Count

LLMs Large language models

LMICs Low- and middle-income countries

LR Logistic regression

MAE Mean absolute error

MCI Mild cognitive impairment

ML Machine learning

MLP Multilayer Perceptron

Xii



List of Tables List of Tables

MMSE Mini-Mental State Examination

MoCA Montreal Cognitive Assessment

MRI Magnetic resonance imaging

NB Naive Bayes

NICE National Institute for Health and Care Excellence
NLP Natural language processing

NPT Neuropsychological tests

OME Observational Measure of Engagement
OpenSMILE open-source Speech and Music Interpretation by Large-space Extraction
PET Positron emission tomography

PIR Passive infrared

PLWD People living with dementia

PPIE Patient and public involvement and engagement
RAG Retrieval Augmented Generation

RF Random Forest

RFR Random Forest Regressor

RMSE Root mean square error

ROC-AUC Receiver operating characteristic area under the curve
RR Ridge regression

SARs Socially assistive robots

SCARF Schizophrenia Research Foundation

SD Standard deviation

SHAP SHapley Additive exPlanations

STT Speech-to-text

SUS System Usability Scale

SVM Support Vector Machine

SVR Support Vector Regression

TF-IDF Term frequency-inverse document frequency
TTS Text-to-speech

WoZ Wizard of Oz

XGBoost Extreme Gradient Boosting Decision Tree

M. R. Lima Xiii






Chapter 1

Introduction

This chapter describes the problem and context of this dissertation. First, this chapter
discusses the unmet need for accessible, scalable and cost-effective solutions to support
ageing and dementia care at home. Next, it discusses how robotics and conversational
artificial intelligence (Al) can enhance well-being, support home safety, and monitor
cognitive health. Additionally, this chapter summarises the objectives and main con-

tributions of this work. The chapter concludes with the outline of this dissertation.



1.1. Motivation Introduction

1.1 Motivation

A. The Unmet Need

Every country in the world is experiencing an increase in both the number and proportion of
people aged 65 years or older. People are living longer, and more are older than ever before.
This global trend is driven by declining fertility rates and increasing life expectancy in most
countries [252]. This demographic shift in the distribution of the world's population towards
older ages — known as population ageing [269] — is set to increase from 10% in 2022 to 16%
in 2050'. Additionally, the number of older adults aged 65 or older globally is set to double
during the same period [253]. As a result, the prevalence of dementia is rapidly increasing,

with 10 million new cases identified each year [268].

Dementia is one of the major causes of disability and dependency among older people and
the seventh leading cause of death globally [268]. Therefore, its early detection and care have
become a public health priority [184]. Although ageing amplifies the risk of cognitive impair-
ment, dementia is not a part of normal ageing. Dementia is a progressive neurodegenerative
disorder that affects cognitive abilities, including memory, reasoning, and communication
skills, leading to a gradual decline in independence, social engagement, and overall quality of

life. Still with no cure, dementia most commonly manifests as Alzheimer's disease (AD).

Mild cognitive impairment (MCl) is the intermediate state between normal ageing and neu-
rodegeneration in individuals who maintain the ability to independently perform activities of
daily living (ADLs). While MCl is a risk factor for dementia, many individuals remain sta-
ble or revert to normal cognition, with 10% to 15% progressing to dementia each year [7].
Today, dementia affects over 55 million people. Ageing projections suggest this will nearly
triple by 2050 [178]. In the UK, 25% of hospital beds are occupied by people living with
dementia (PLWD) [10]. Half of PLWD will experience at least one hospital admission each
year, with 20% of these admissions due to preventable causes such as falls, neuropsychiatric
problems or infections [216]. The rise in dementia cases is particularly pronounced in low-
and middle-income countries (LMICs), where two thirds of PLWD are projected to reside by
2050 [8]. India is a striking example, with its vast population and high incidence rates, limited

resources, poor clinician accessibility, and a staggering 90% gap in diagnosis and care [62].

The growing demand for physical and cognitive support among older adults is outpacing the
global supply of long-term care workers [252]. Societies lack the resources to provide resi-
dential care for everyone in need [8]. With limited resources for home care services and no
immediate cure in sight, the global socioeconomic burden on healthcare systems is only ex-
pected to become more critical. This, in turn, places an enormous psychological and financial

burden on families and carers who support PLWD in daily living [29].

1This is measured as the proportion of the global population aged 65 years or older [252].

M. R. Lima 2



1.1. Motivation Introduction

The dramatic demographic shift toward an ageing population underscores the pressing need
for accessible, scalable, and cost-effective solutions that can: 1) provide support and health
monitoring at home to enhance well-being and safety; 2) promote cognitive health; and 3)
detect early signs of cognitive deterioration, ultimately enabling more personalised care and

timely interventions.

B. The Promise of Robotics and Conversational Al

Socially assistive robots (SARs) and conversational Al are recognised for their potential to
support ageing and dementia care [87, 170]. SARs interact through social and emotional cues,
combining physical embodiment, gestures, facial expressions, and speech. Their embodiment
and social presence have been argued to promote user engagement in human-robot interaction
(HRI), enjoyment, and task performance compared to disembodied or virtual agents [59, 257,
261]. For instance, previous research has shown that older people were more engaged in verbal

dialogues with a physically embodied robot than with a virtual one [179].

Extensive past research has demonstrated SARs' utility in providing home assistance, includ-
ing medication reminders [28], cognitive stimulation [242], remote therapy [150], companion-
ship [2], and daily living support [217], while reducing the carer burden [39]. Voice interaction,
in particular, offers an intuitive, hands-free, and natural user interface, promoting usability
among older adults [118] and providing safety in scenarios where voice may be the only form
of communication [145]. Furthermore, home-based SARs could provide an accessible user in-
terface for cognitive assessment as a side effect of regular HRI. Recent studies have suggested
that collecting speech patterns via mobile apps and conversational Al to detect AD and MCI
are feasible, often using memory-probing questions that mimic outpatient consultations [79,
271]. However, there is a significant gap in research evaluating these technologies in real-
world settings with older adults and people affected by dementia, particularly as in-residence

tools for cognitive support.

SARs and conversational Al have demonstrated potential for digital health interventions,
extending their application beyond dementia care to support various neurodegenerative and
mental health conditions. For instance, SARs have been used to manage pulmonary disease,
improving adherence to medication and rehabilitation exercises [27]. SARs have also been
employed as training tools in post-stroke rehabilitation [75], integrated into a cardiac re-
habilitation clinical programme [40], and explored for providing in-home therapeutic support
among older adults with depression [206]. Furthermore, early evidence suggested the feasibility
of using SARs to assist individuals with Parkinson's disease through gamified cognitive-motor
training [208]. Additionally, large language model (LLM)-powered conversational agents have
recently been developed for personalised nutrition coaching to help manage cardiometabolic
conditions such as diabetes and hypertension, leveraging the accessibility and scalability of

digital platforms, including mobile apps [273].

M. R. Lima 3



1.1. Motivation Introduction

There are still several challenges in deploying these systems autonomously and longitudinally
in real-world settings, including homes. A significant challenge lies in enabling robots to con-
tinuously learn and adapt to individuals over time with personalised actions and behaviours.
This is particularly important for people with cognitive impairment, whose abilities, prefer-
ences, and overall health needs evolve as their condition progresses. Additional challenges
include adoption barriers and privacy concerns that limit long-term user engagement, as well

as ensuring the clinical utility of interventions and data collected with such technologies.

C. Enhancing Well-being and Home Safety

When integrated into home environments, conversational Al can offer proactive verbal sup-
port by responding to safety risks, such as falls or agitation, querying users to verify health
symptoms, and initiating alerts in emergencies [148, 200]. Interactions with conversational Al
are often instructive and can encourage behaviours to promote well-being. Such interactions
can also provide valuable insights into subjective experiences, cognitive status, and overall
well-being — insights that are often missed by passive monitoring technologies. However, the
deployment of home monitoring technologies raises important ethical and privacy concerns. If
not designed carefully and with stakeholder involvement, these can be perceived as intrusive.
Understanding the perceptions of stakeholders, including those with lived experience with
dementia, and addressing their concerns from the earliest design stages is crucial to ensure

long-term engagement, technology acceptance, and usability.

D. Timely and Scalable Assessment of Cognitive Health

The monitoring of cognitive health is essential for early screening and timely intervention, both
clinically and in daily care. The 2024 report of the Lancet Commission on dementia prevention,
treatment, and care [153] emphasises the importance of timely diagnosis in supporting the
well-being of PLWD and their families, facilitating access to services, and ensuring that
individuals can benefit from treatments when they are most likely to be effective. Additionally,
timely assessment can help reduce unnecessary hospitalisations and improve overall dementia

care.

Dementia diagnoses are typically made years after symptom onset, missing a crucial ther-
apeutic window for intervention, which is becoming increasingly important with the recent
emergence of anti-amyloid drugs [173]. Recent trials of amyloid-3-targeting antibodies have
shown modest efficacy [233, 254], offering hope for disease-modifying treatments in early-
stage AD, which should follow an adequate diagnosis. Figure 1.1 illustrates the clinical path-
way for dementia detection, assessment, diagnosis and care, highlighting the need for scalable

solutions for timely population screening in community care and home settings.

The use of digital voice biomarkers for early screening of Alzheimer's disease and related

dementias (ADRD) has gained attention in the research community, driven by the need for

M. R. Lima 4



1.1. Motivation Introduction

[ Step 1: Detect ] [ Step 2: Assess/Differentiate ][ Step 3: Diagnose ] [ Step 4: Treat ]
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Figure 1.1: Clinical pathway for ADRD detection, diagnosis and care. Step 1 involves early
detection through discovery science and identification of modifiable risk factors. Step 2 involves
patient history, physical and neurologic examinations, blood analyses, cognitive, functional, and
behavioural assessments, and structural imaging. After confirming AD pathology, potential thera-
peutic interventions, such as amyloid-targeting drugs, are considered. Step 3 highlights the clinical
diagnosis using biomarkers. Step 4 focuses on providing appropriate care, including treatment plan-
ning, prevention of hospital admissions, monitoring of neuropsychiatric symptoms, cognitive health
and overall well-being.

scalable, non-invasive, ecologically valid, and cost-effective solutions for early detection of
cognitive decline. Alterations in speech and language can be early predictors of ADRD even
before signs of neurodegeneration manifest clinically [4, 77]. This opens new opportunities
for the use of conversational Al and SARs to monitor and assess cognitive health from
longitudinal verbal interactions. This approach could increase accessibility to earlier detection
and intervention. However, the clinical applicability of machine learning (ML) methods for
ADRD detection remains unresolved due to limited generalisability, lack of interpretability,
and the challenge of obtaining spoken language data for training and validating predictive

models.
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1.2 Objectives

The goal of this dissertation is to design and evaluate conversational robots that verbally

engage with older populations and PLWD to support well-being, enhance home safety, and

monitor cognitive health at home.

Achieving this goal requires significant interdisciplinary efforts that are guided by specific

research questions and objectives, detailed in each chapter. Overall, the objectives of this

work were to:

1.

Deploy conversational technology in the homes of PL\WD to explore long-term user en-
gagement and the potential for behaviour monitoring by analysing activity sequences in

smart homes.

Evaluate the effectiveness and clinical applicability of ML models for cognitive health as-
sessment from spoken language, using a benchmark DementiaBank dataset, and validate

model generalisability using data collected in-residence.

Involve stakeholders with lived experience of ageing and dementia in the UK, India and
the USA to evaluate technology acceptance, user engagement, and feasibility of home

support.
Validate the cultural feasibility of robots for dementia care in India.

Design an LLM-powered socially assistive robot (SAR) and evaluate its efficacy for pro-

viding in-residence cognitive support to older adults.
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1.3 Contributions

The work presented in this dissertation follows an iterative process of stakeholder involvement
(PLWD, carers, clinicians), technical development, and user evaluation in real-world settings.
It offers novel insights and long-term data acquisition for the integration of conversational
robots at home to enhance well-being and safety in ageing and dementia care. This work
further evaluates predictive modelling of cognitive health from spoken language, with a focus
on clinical applicability. This approach could be applied to voice data collected with conver-
sational technology at home to monitor and assess cognitive health. By actively incorporating
the voices of stakeholders, this research is shaped by their perspectives from HRI experience
and distinct experiences with ageing and dementia. Finally, this work paves the way for a
more inclusive and culturally aware robot design and deployment in LMICs, particularly in

India. The contributions of this work are summarised below:

Contribution 1: Long-term data acquisition using conversational technology, demon-
strating the feasibility of mapping behavioural trends by analysing activity sequences in

smart homes.

In a longitudinal deployment study with PLWD at home (N=14), this work evaluated user
engagement with commercial conversational technology over time (>1 year in some cases,
with an average of over seven months across all households”). By correlating in-home activity
detected by Internet of things (loT) and monitoring devices with the use of conversational
technology, this study demonstrated the feasibility of identifying behavioural trends in smart
homes. It highlighted the potential of conversational Al in digital health monitoring, specifi-
cally for offering proactive verbal support in response to safety risks at home. To the best of
knowledge, this was the first study that correlated in-home monitoring data with interactions

with conversational technology, targeting ageing and dementia care (Chapter 3).

Contribution 2: Demonstrated the effectiveness of predictive modelling for automated
screening of cognitive impairment from spoken language and validated the approach in a

real-world context.

This study evaluated predictive models for automated assessment of cognitive health from
spoken language, using a benchmark DementiaBank dataset (N=291). This work demon-
strated the generalisability and applicability of the ML approach on real-world data collected
in-residence (N=22). By identifying the linguistic features most strongly predictive of ADRD
and performing risk stratification, the interpretability and clinical utility of model predictions

were enhanced. The interpretable ML approach showed promise for real-world integration with

2The longest data collection period exceeded one year, with an average deployment duration of over seven
months across the 14 households.
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in-home conversational technology to monitor and assess cognitive health, enabling earlier

detection of higher-risk individuals and timely intervention (Chapter 4).

Contribution 3: Stakeholder involvement to guide the design of conversational Al for

well-being and home safety in ageing and dementia care.

By engaging stakeholders (N=20) with lived experience of dementia in participatory work-
shops, this work underscored the perceived benefits of using conversational Al to support
well-being, mitigate safety risks at home, and enhance cognitive engagement. This study
presented design guidelines for long-term engagement and appropriate integration of conver-
sational Al into daily living (Chapter 5, Study 1).

Contribution 4: First cultural feasibility study of robots for dementia care in India.

This work designed and validated the first robot for dementia care in India, involving older
adults (N=26) and PLWD (N=14) and demonstrating clinical potential for remote cognitive
engagement. In a participatory study with stakeholders (N=29), socioeconomic factors and
feasibility challenges of deploying conversational robots in India were explored. The study
provided novel insights into cultural acceptance, human-robot engagement, and design impli-

cations for adapting SARs to support dementia care in the cultural context of India (Chapter 5,

Study 2).

Contribution 5: Novel approach to in-residence cognitive support in elder care using
LLM-powered SARs.

This study designed an LLM-powered SAR and implemented interactive tasks that involved
verbal dialogue based on clinically validated cognitive tools. A user study was conducted with
older adults (N=22) in retirement homes, involving three weekly robot-administered ses-
sions to evaluate cognitive task performance, robot acceptance and verbal engagement. This
research contributed novel insights into the efficacy of LLM-powered SARs to promote and

assess cognitive health in elder care, an approach that had not been tested before (Chapter 5,

Study 3).
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1.4 Publications

The work presented in this dissertation resulted in the following publications. Some of the

work presented has been submitted and is under peer review.
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1.5 Dissertation Outline

This section outlines the structure of the dissertation and provides a summary of each chapter.

Each chapter addresses specific objectives and research questions and includes a review of

the relevant literature.

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

M. R. Lima

reviews the state of the art in SARs and conversational technology to support
the well-being of older adults and PLWD, and ML approaches for automated
assessment of cognitive health. Additionally, the chapter identifies the major

research challenges in the field, which this work aims to address.

describes a longitudinal deployment of conversational technology in homes of
PLWD to explore user engagement and analyse behaviour from activity data

in smart homes.

introduces an interpretable VL approach for automated assessment of cogni-

tive health from spoken language, with a focus on clinical applicability.

presents three user studies conducted in the UK, India and the USA, involving
stakeholders (older adults, PLWD, carers, clinicians and dementia care profes-
sionals) to evaluate user engagement, acceptance and the feasibility of using
conversational Al and SARs in residential settings: Study 1 explores the role
of conversational Al in ageing and dementia care at home; Study 2 assesses
the cultural feasibility in India; and Study 3 introduces an LLM-powered SAR

for in-residence cognitive support.

summarises the novel findings and main contributions, discusses limitations

and future research directions, and concludes the dissertation.
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Chapter 2

Related Work

This chapter reviews the state of the art, design trends, and current applications of
SARs and conversational technology to support older adults and PLWD in daily living.
Additionally, this chapter describes ML techniques to analyse speech and language for
automated cognitive health assessment. Finally, this chapter discusses open research
challenges to overcome existing gaps in real-world deployments, long-term engagement
between SARs and target populations, adaptation to individual needs and preferences

for personalised care, and clinical translation.

Part of the comprehensive review presented in this chapter was published in IEEE Trans-
actions on Cognitive and Developmental Systems, 2021 [149]. However, the chapter as a

whole situates the dissertation within the current state of the art, reflecting the most recent

advancements in the field.
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2.1 Socially Assistive Robots in Older Age and Dementia Care

The potential of SARs to support the well-being and independence of older adults and PL\WD
is well noted in the literature [1, 87, 170]. SAR platforms have been introduced, from me-
chanically complex [26, 242], mobile [20, 226], embodied humanoid [189, 195], to pet-like
robots [199, 260], simpler virtual assistants [212], and commercial smart speakers (e.g., Ama-
zon Alexa, Google Home). Literature on robots for dementia care has argued that SARs can
improve attention [242] and neuropsychiatric symptoms [163], reduce agitation [194] and de-
pressive symptoms [195], and establish rapport [2]. However, the development of appropriate
robots for dementia care is still in an early stage, with few examples beyond research studies.

SARs can be categorised into four roles to support target populations:

1. Companionship. Ability to engage or entertain users through conversations about topics
of interest or providing personalised recommendations, ultimately reducing feelings of

social isolation.

2. Health monitoring. Ability to monitor health and well-being, give reminders (e.g., med-

ication), and inform carers or clinicians of potential safety risks at home.

3. Cognitive stimulation. Ability to engage in cognitive tasks or games, monitor perfor-

mance over time, ultimately detecting signs of cognitive decline.

4. Clinical therapy. Ability to conduct or assist in cognitive interventions and therapy,

autonomously or by teleoperation.

Figure 2.1 shows relevant examples clustered by mobile (i.e., capable of autonomous or
teleoperated navigation at home or in assisted living facilities) and small affective SARs (i.e.,

often simpler in their design, stationary or portable robots).

Interest in and acceptance of SARs among older adults and PLWD is increasing [123], high-
lighting the need to address ethical considerations, which encompass both research ethics
and societal ethics. Research ethics focus on ensuring informed consent, transparency in
the objectives and outcomes of the study, and data privacy. In particular, privacy concerns
related to voice data collection using SARs and potential misuse of personal information
remain significant among older adults [107, 149, 229, 234], which represents a barrier to
technology adoption [118]. Societal ethics, on the other hand, address the broader impli-
cations and concerns of integrating SARs into daily life, including intrusiveness at home,
loss of privacy, reduced human contact, emotional deception when user expectations of the
robot are not met, and attachment to the robot, which can lead to emotional distress [255].
Furthermore, the importance of user trust in SARs for sustained human-robot engagement
is well-recognised [141]. For carers, trust in the technology is equally necessary, particularly

in its ability to provide safe and effective support without compromising autonomy and well-
being [90].
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Figure 2.1: SAR platforms used for health and well-being support in elder care. a)
GrowMu [196], b) Pepper [189], c) Hobbit [20], d) RAMCIP [84], e) CompanionAble [226], f)
Kompai [33], g) Silbot [129], h) Bandit [242], i) Reeti [213], j) PaPeRo [116], k) iCat [116] I)
IroblQ [28], m) Screening robot [65], n) Mini [220], o) Ryan [64], p) Milo [197], q) NAO [195], r)
Eva [56], s) Sota [224].

A. Comprehensive Review Protocol

Existing surveys evaluated SARs to support target populations [1, 23, 87, 243, 259], including
home-based robots for cognitive support [256]. However, no previous reviews targeted the
depth of the field in relation to conversational capacity, multimodal interaction, and user
engagement. This review aims to fill this gap by surveying conversational SARs specifically

targeted at supporting ageing and dementia, both in social and clinical contexts.

Studies published between 2000 and 2021 were selected from scientific publication databases
such as IEEE Xplore, ACM, PubMed, Google Scholar, and search keywords related to: "so-
cial robot”, “conversational robot”, “elderly”, “dementia”, “verbal communication”, and
“dialogue system”. The inclusion criteria consist of HRI| studies that: tested or evaluated
SARs with target populations; used an embodied SAR with multimodal interactive features,
including facial expressions and speech. Studies were excluded if: there were no results from
user evaluation; presented work on SARs without verbal communication (e.g., the robotic
seal Paro [171]). The most recent study of each robotic platform was selected. For studies
published in the same year using the same robot, those with a larger number of participants
and longer HRI duration were prioritised. In total, 30 studies that evaluated SARs with target

populations were reviewed (see details in Appendix Al).

B. User-Centred Design

Designing robots for end-users. HRI| research often employs human-centred design methods
to understand individual needs, preferences and technology expectations, which are translated
into the conceptualisation of new design features and guidelines [187]. There has been a
growing interest in applying user-centred design approaches to design SARs that meet the

needs and preferences of end-users for longer-term engagement (see Figure 2.2a).
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Figure 2.2: Design trends of SARs to support target populations. a) Number of studies per
year: robots specifically designed to assist the target population (user-centred); robots designed for
other purposes but evaluated with target populations (applicable); unclear robot design purpose
(unspecified); b) Percentage of publications per interval using mobile, small, or other type of SARs
(e.g., torso); c) Distribution of support roles; d) User evaluation with limited (1-5), small (6-
20), medium (21-40), and large (>40) sample sizes. For HRI studies with large sample sizes, the
percentage of robots tested in controlled vs. real-world settings is presented.

Designing robots with end-users. Participatory design refers to actively engaging stakeholders
in the design of useful technologies while amplifying their voices [235]. Previous studies have
used participatory methods to explore the use of SARs to support older adults with age-
related health needs and MCI [83, 185], and carers [169, 265] in various contexts, including
social engagement [186], mental health support [134], rehabilitation [152], physical assistance
in daily tasks [35], home cognitive training [125], and long-term care [155]. These studies
gathered feedback in workshops with stakeholders, surveys, focus groups, or user experience
with technology to recommend design considerations. For instance, a recent participatory
study [135] explored SARs for PLWD and carers, including their conflicting views on robot

design preferences, and suggested slow communication as a key design feature.

C. Multimodality

Previous work has argued that physical embodiment and social presence can enhance en-
gagement and enjoyment in HRI [59, 117, 261]. Tapus et al. [241] defined engagement as a
sustained collaborative connection between humans and robots. Heerink et al. [96] reported

social presence as a key robot design feature for older people, while Nishio et al. [179] showed
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Table 2.1: Conversational SARs evaluated in clinical applications.

Robot Clinical application Participants and setting

Eva [56] Cognitive stimulation therapy N=9 PLWD; nursing home

NAO [195] Memory training N=21 people with MCI; clinical centre for
dementia

Bandit [242] Cognitive stimulation and engagement N=10 PLWD; senior living facility

Sota [224] Memory and dance therapy N=T71 older adults, PLWD; setting unspecified

Ryan [64] Cognitive behavioural therapy N=4 older adults with mild to moderate
depression; senior living facility

Screening Home-based cognitive and well-being N=30 older adults; setting unspecified

robot [65] screening

that older people were more verbally engaged with an embodied robot than a virtual one.

There has been a trend in designing smaller, mechanically simpler, often stationary, and
more affordable robotic platforms. Whilst around 25% of the studies reviewed between 2000
and 2018 used a simpler and smaller robot, this figure increased to more than 70% in the
most recent studies (see Figure 2.2b). Smaller affective robots are easier to deploy in real-
world settings, such as homes, and are typically more cost-effective. This design trade-off
promotes the deployment of SARs worldwide, including in LMICs. This comes with the need
to enhance multimodal interactive features for engaging HRI, such as facial expressions,
gestures, and speech. Furthermore, previous research has suggested that smaller affective
robots increase acceptance among older adults, as larger mobile platforms may be perceived
as intimidating or raise privacy concerns [221]. Importantly, for user acceptance and trust,

the robot's appearance must align with its functionality [123].

D. Support Roles

From the four main roles of SARs for health and well-being support (described in Section 2.1)
and considering that each robot may combine multiple roles to provide assistance, most
studies reviewed aimed at providing companionship (41%) and cognitive stimulation (35%)
(see Figure 2.2¢c). Some of the robotic platforms reviewed were able to monitor health (14%).
Furthermore, only six of the 30 reviewed studies were designed to support users through
cognitive stimulation, therapy, or clinical screening, as detailed in Table 2.1. There is a clear

gap in the clinical translation of SARs for dementia care.

For instance, the humanoid robot Bandit was tested in weekly cognitive therapy sessions with
10 PLWD for six months [242]. The robot improved participants’ engagement, attention, and
performance in a music game through facial expressions, gestures, and pre-recorded audio.
The study employed an adaptive framework to adjust the game's difficulty to individual
abilities. This robot was further tested with 33 older adults in simple physical exercises

designed for therapeutic intervention [74]. The robot Eva was also evaluated in cognitive
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stimulation group therapy sessions over nine weeks [56]. The authors assessed dementia-
related behavioural symptoms before and after sessions using questionnaires and gathered
qualitative feedback from carers. The study reported a decrease in delusion, agitation, and
exaltation and positive short-term effects on mood after robot-guided sessions. Furthermore,
the commercial social robot NAO was evaluated as a memory trainer with 21 participants
diagnosed with MCI, demonstrating that robot-assisted activities increased attention and

decreased depressive symptoms [195].

E. Cultural Adaptation

Previous research suggested that cultural factors influence robot acceptance, highlighting the
need to incorporate cultural considerations into robot design [190, 218]. People's perceptions
and preferences for robot design vary between cultures [133]. Implicit cultural biases toward
robots have been studied to develop culture-aware robots [72, 210]. Previous research has
proposed the integration of cultural knowledge in SARs to support individual cultural prac-
tices [209]. However, cross-cultural testing of SARs and the development of culturally aware

interactions are still rare. Only three of the 30 HRI studies reviewed using SAR platforms
included cultural adaptation [129, 196, 219].

Cultural bias in Al systems is a broader issue that affects their effectiveness and acceptance
across diverse populations. For instance, previous research showed that large language mod-
els (LLMs) trained predominantly on English data reflect biases favouring Western cultural

values, particularly when prompted in English [37, 240].

There is a lack of studies exploring SARs for use in LMICs. From the limited studies in
robotics for dementia care that have involved stakeholders [35, 83, 135, 169, 265], none
have addressed the HRI cultural adaptation needed and the feasibility challenges inhibiting
real-world deployments in LMICs. Furthermore, recent advancements in LLMs have expanded
multilingual capabilities for robot speech recognition and synthesis. This could enhance user
engagement and acceptance of SARs in diverse cultural settings, an area that remains un-

derexplored.

In the context of this dissertation, cultural adaptation refers to exploring potential modifica-
tions to the robot's design, including its appearance, behaviour, and interaction style, to align
with cultural norms and user expectations, targeting sustained engagement and acceptance.
Cultural translation, on the other hand, explores the integration of SARs into a socio-cultural
context, understanding the robot's role and ensuring its utility in daily life. This process
considers technology accessibility, caregiving practices, and social structures, including family

and healthcare systems.
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F. HRI Evaluation

Literature lacks longitudinal robot evaluation studies in real-world settings. In this compre-
hensive review, sample sizes were categorised as limited (1-5), small (6-20), medium (21-40)
and large (>40) based on the number of end-users who tested the technology. The dura-
tion of each study was also examined, considering either the total number of HRI| sessions
or the length of the study in days, weeks, months, or years. Finally, the study setting was
explored, distinguishing between controlled environments (e.g., laboratories, simulated home

environments) and real-world settings (e.g., homes, senior care facilities).

More than half of the reviewed studies (60%) involved small or limited sample sizes and only
17% of conversational SARs were evaluated with 40 or more participants (see Figure 2.2d).
However, none of these involved long-term HRI. Instead, they encompassed a single ses-
sion [61], one or two sessions per week for up to four months [219, 224], or occasional short
interactions with robots placed in senior care facilities for up to two weeks [95, 196]. In the

latter, interested users would come closer and greet the robot.

Some of the SARs reviewed have been deployed in real-world settings, specifically in homes [2,
20, 28, 33, 115, 213, 239], clinical or care centres [95, 98, 111, 166, 196]. However, only two
of these were conducted with a large sample size and the robot operating autonomously [95,
196]. Many of the studies reviewed were limited to a small number of sessions with the robot
(e.g., [195]) or short-term interactions lasting less than a week (e.g., [166]), rather than
sustained engagement over time. One major barrier to conducting HRI longitudinal trials lies
in obtaining ethical approval for data collection with vulnerable populations such as PL\WD.
Addressing privacy concerns and information governance for handling sensitive data (e.g.,

voice and video) is critical to ensuring ethically safe deployments.
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2.2 Conversational Al for Health and Well-being Support

There has been an emerging interest in the application of conversational technology in health-
care applications, including to support older people at home [128]. The benefits of bringing
natural language capabilities into robotics have been reported in the literature [243]. By un-
derstanding and responding to natural language, conversational Al can be accessible and per-

sonalised companions with potential to monitor health and encourage behaviour [63].

Conversational technology can be categorised into: 1) conversational SARs, which are char-
acterised by a physical presence and multimodal interactive features beyond speech, e.g.,
facial expressions, embodiment, or gestures; 2) conversational agents and smart speakers,
which primarily rely on voice. These systems integrate: automatic speech recognition, which
converts input speech into textual vector representations; natural language understanding of
user intents; dialogue management to interpret information and keep track of conversation
flow, often with a knowledge base to store and retrieve contextual information; and natural
language generation to transform the output of dialogue management into textual format,

which is converted to spoken language by text-to-speech (TTS) synthesis.

In light of commercial viability, increased worldwide adoption and expanded Al capabilities,
conversational technology holds promise to assist older people and PLWD at home. Com-
mercially available smart speakers, such as Amazon Alexa and Google Home, have recently
been explored as assistive tools to promote the independence of older populations for routine
management [39], remote care [9], or self-management of diabetes [47]. Alexa skills have
been proposed to support older adults with ADLs and health monitoring, including medi-
cation reminders [9], dressing assistance, depression screening [238], diet tracking, and fall
detection [131].

2.2.1 Communication and Adoption Challenges

There has been a growing interest in exploring how conversational Al is used at home by
target populations. Qualitative studies have revealed initial insights into user experience with
conversational technology, patterns of daily use, and why interest is often lost after the
novelty effect [118, 227, 248]. Current barriers to long-term adoption have been reported in
the literature [104], particularly:

o limitations and errors in speech recognition for effective verbal interaction;
o limited adaptation of interactions to individual needs and cognitive abilities over time;

o privacy concerns related to voice data collection;

The readiness of conversational agents in clinical settings is challenged by additional factors,
including the need for persistent Internet connection, user and organisational compliance to

exchange personal health information, and the risk of delivering misleading information [230].
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Previous research explored communication challenges faced by older adults with MCI [120],
highlighting the need for conversational Al to handle user pauses, hesitations, and pre-emptive
responses (e.g., when participants respond before the system finishes the sentence), provide
instructions for recovering conversation when error messages occur, and assist with confirming

responses using both voice and visual prompts.

2.2.2 Opportunities and Risks of LLMs

LLMs are transformer-based models, such as bidirectional encoder representations from trans-
formers (BERT) [60] and OpenAl's generative pre-trained transformer (GPT) [203], trained
on large datasets to perform natural language processing (NLP) tasks, including question-
answering, translation, summarisation, and content generation [244]. LLMs are largely gen-
eral purpose in that they are trained with unrestricted text. Fine-tuning LLMs for specific
domains, such as mental health, enables them to facilitate natural language interactions

similar to those used in mental health assessments and interventions.

Among different applications, one intriguing question yet to be answered is how well LLMs
can understand and support mental health and well-being. Furthermore, integrating LLMs
with SARs opens new opportunities for human-robot engagement. LLM-powered robots have
elicited increased trust in collaborative tasks with humans due to their ability to facilitate

more intuitive and natural language interactions [275].

A. Mental Health Assessment

The use of LLMs in mental health care has significant potential to assess symptoms, diagnose
conditions, and monitor changes in mental well-being [130]. LLMs have shown the capacity
to answer medical questions and assess conditions, sometimes outperforming human clini-
cians [130]. LLMs have also been explored for screening depressive symptoms and suicide
risk, yet researchers observed varying accuracy [80, 270]. Furthermore, LL.Ms can be trained

to ask relevant questions that screen for mental health concerns or predict diagnoses.

Especially promising is the use of LLMs to process symptom descriptions and incorporate
patient history and other monitoring data, such as passive sensing data, to support screening
and diagnosis [130]. Early evidence suggests that LL.M-based chatbots may reduce symptoms
of depression, anxiety, and stress [183]. For instance, a chatbot trained on domain-specific
health data to engage in mental health assessments has been shown to ask more detailed
questions about certain symptoms (e.g., sleep disturbances) compared to human psychiatrists
[41]. Research has argued that these chatbots can be trained to establish rapport with users,

provide non-judgemental feedback, and sustain therapeutic conversations [137, 158, 164].
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B. LLMs in Dementia Research

LLMs hold promise for positive impact in dementia care by enhancing digital screening,
promoting cognitive health, enriching social interactions, and supporting carers [249]. Of
particular relevance to this dissertation, LLMs hold potential to extract language patterns
for automated screening and cognitive decline prediction (see details in Section 2.3). For
instance, GPT text embeddings have been used to classify AD from healthy controls [3].
Language models can also summarise patient-doctor conversations [279] and code adverse
events in patient narratives [50]. Furthermore, a recent study explored LLMs to generate
synthetic clinical data for AD detection, aiming to address the scarcity and imbalance of

existing datasets for ADRD research [143].

LLM-powered SARs could further provide emotional support to PL\WWD and promote cognitive
health through human-robot engagement [102]. Additional assistance for PLWD includes cog-

nitive behavioural therapy via phone apps [183], as well as speech-assisted navigation [249].

C. Ethical Concerns and Responsible Use of LLMs

The responsible development, evaluation, and use of LLMs is critical. The knowledge em-
bedded within an LLM is limited to the training and fine-tuning data [85, 130]. Therefore,
applying LLMs in healthcare settings presents challenges in ensuring the accuracy, reliability,

safety, and adherence to the latest medical guidelines in the information they provide.

As a subset of the ethical considerations discussed in Chapter 2.1, the deployment of LLMs in-
volve both research and societal ethics. From a research perspective, ensuring the quality and
representativeness of training data is essential to minimise the risk of producing inaccurate,
biased, or harmful information, including the generation of syntactically sound text that is
factually incorrect, known as hallucinations. This is particularly critical in the medical domain,
where delivering accurate information is essential. Rigorous evaluation and validation of LL.Ms
are necessary to ensure their accuracy, reliability, and interpretability. This, in turn, can help
address the 'black box' nature of these models, facilitating a deeper understanding of their

reasoning process to generate outputs that are often presented as recommendations [244].

Furthermore, LLMs may provide different answers to the same prompt in repeated attempts,
raising concerns about their reliability [94]. From a societal ethics standpoint, the issue of
inconsistent reliability of LLMs can undermine trust and potentially cause harm, including
misdiagnoses, inappropriate treatment recommendations, or dismissive replies to health risks
[164]. These risks underscore the importance for these models to operate within their knowl-

edge scope and the need for high-quality training data, especially in clinical applications.
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2.3 Machine Learning for Cognitive Health Assessment

Timely and accurate assessment of cognitive health is a major unmet need [67]. The de-
velopment of cost-effective and automated screening tools is crucial for timely intervention,
both clinically and in daily care. There has been recent interest in deriving early speech and
language features of ADRD as digital voice biomarkers, which can be collected in real-world
settings outside clinics. Increasing evidence suggests that speech and language can be early

predictors of cognitive decline in the early pre-clinical stages of ADRD [4, 77, 82, 122].

Deep learning techniques have been utilised for automatic feature extraction with pre-trained
models for audio and text representation [57]. In particular, recent research has explored
the potential of LLMs for automated cognitive assessment [3, 11]. These transformer-based
models can automatically capture subtle language patterns potentially missed by conventional
methods. However, their lack of explainability hinders clinical applicability. Another advantage
of deep learning approaches is the ability to extract multilingual embeddings. This is an area
of active research [81] and could help address the limited sample sizes in existing speech
datasets for ADRD research.

Following feature extraction methods, emerging evidence supports the feasibility and reliability
of ML in detecting ADRD and modelling disease progression. For instance, a logistic regression
model trained on embedding vectors from neuropsychological tests (NPT) transcripts and
demographic data achieved an accuracy of 78.5% and a sensitivity of 81.1% in predicting AD
progression within six years [11]. Furthermore, a logistic regression model using acoustic and
linguistic features extracted from picture description tasks during NPT achieved an accuracy
of 81.9% in binary AD classification [78]. With factor analysis, the authors found four
patterns of variance among participants: semantic, syntactic and information impairment,
along with acoustic abnormality. Classification models based on conventional acoustic features
automatically extracted from speech demonstrated an accuracy of 71.3% [91]. Moreover,
fine-tuning transformer-based language models on text transcripts from picture descriptions

achieved an accuracy of 89.6%.

Although previous studies have primarily focused on analysing speech and language from
voice recordings of NPT [245], their use in real-world settings in pre-clinical populations
remains underexplored. Recent studies have suggested the feasibility of collecting speech via
mobile applications and voice assistants to detect MCl and ADRD [79, 121, 271]. This opens

new opportunities for the use of in-home conversational technologies to monitor cognitive
health.
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2.4 Research Challenges

SARs and conversational Al offer a promising interface for verbal engagement and support in
daily living. However, these technologies have yet to demonstrate a direct impact in support-
ing older adults and PLWD at home, particularly with long-term user benefits and clinical
utility. There is a strong need for systems capable of continuous interaction to store in-
formation and adapt to changing health conditions, respond to safety risks (e.g., offering
verbal guidance in the event of perceived agitation or confusion), and ultimately enhance

independence at home while relieving the burden on carers.

The critical areas in need of further investigation and development are outlined below:

Challenge 1. Longitudinal Deployment and User Engagement

There is a significant gap in longitudinal data collection using conversational technology at
home. Privacy concerns and the challenge of maintaining user engagement after the initial
novelty phase need to be addressed. It is essential to involve stakeholders, including those
with lived experience of dementia, in every stage from design to deployment to identify
meaningful support scenarios, address user concerns, and design non-intrusive and safe
HRI for long-term utility at home. Additionally, cultural feasibility challenges must be

considered for successful deployment across diverse cultural and economic contexts.

Challenge 2. Intelligent Adaptation

Adapting HRI to individual health and cognitive needs is critical for personalised care.
Integration with home monitoring devices can enhance adaptive capabilities based on
nonverbal indicators of physical or mental state, yet this remains a complex challenge.
While speech and language patterns hold promise for inferring mood and cognitive state
from HRI, reliable ground truth data for comparison remain scarce. Further participatory
studies are essential to tailor natural language interactions to the evolving needs and

expectations of target populations.

Challenge 3. Clinical Translation

Research is needed on effective in-home data collection using conversational technology
to capture meaningful and actionable data with clinical utility. Despite the potential of
digital voice biomarkers, the clinical applicability of ML methods for automated cognitive
assessment remains unresolved due to limited generalisability, lack of interpretability, and
the challenge of obtaining spoken language data for training and validating predictive
models. Regular speech collected from HRI at home presents a promising direction to

promote and monitor cognitive health over time.
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Chapter 3

Behaviour Monitoring with Conversational
Technology at Home

This chapter describes a longitudinal data collection and deployment of commercial
conversational technology (Amazon Alexa) in the homes of PLWD (N=14). In-home
activity and interaction data were collected over > 1 year in some cases, with an average
of over seven months across all households. The study evaluated user engagement with
technology beyond the novelty phase. Additionally, it demonstrated the feasibility of
mapping behaviour in smart homes by correlating activity data from remote monitoring
technologies with interactions with a conversational agent. This research suggests the
promise of conversational Al in digital health monitoring, specifically for providing

automated verbal support and alerts in response to safety risks at home.

The work presented in this chapter was published in IEEE Internet of Things Journal,
2023 [148], presented as an abstract at the Alzheimer’s Association International Conference,
2023 [147], and in oral form at the Companion of the ACM/IEEE International Conference
on Human-Robot Interaction, 2024 [144].
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3.1 Overview

The ability to map in-home behaviour and detect deviations or changes from previously ob-
served patterns can be leveraged to provide proactive support through personalised verbal
interactions. Conversational agents could directly query users about their subjective percep-
tions of health and well-being when behavioural changes are detected and inform stakeholders
to enable timely interventions. Such interactions could also provide valuable insights into sub-
jective experiences, cognitive status, and overall well-being — insights that are often missed

by passive monitoring technologies.

This study explored the integration of conversational technology in smart homes and the
potential of behaviour monitoring to support well-being and home safety in dementia care.
In-home activities detected by remote monitoring technologies (e.g., motion, use of kitchen
appliances, vitals) were correlated with interactions with Alexa. The analysis inspected: long-
term user engagement with Alexa, particularly after the novelty phase; activity sequences to
identify behavioural trends; and whether participants continued to engage with Alexa after

clinical events, which were logged by a monitoring team in contact with participants.

The protocol for Alexa deployment in households of PLWD and data collection using mon-
itoring technologies were conducted as part of the Minder study, an in-home monitoring
platform developed by the UK Dementia Research Institute Care Research and Technology
Centre (DRI-CR&T) to passively collect behaviour data, detect warning signs, and alert the
integrated NHS team to facilitate early interventions. The contributions of this work, which

analysed in-home behaviour using conversational technology, are described below.

Contributions:
1. Long-term data collection using conversational technology in the homes of PL\WD.
2. Demonstrated technical feasibility of identifying behavioural trends in smart homes

by analysing activity sequences captured from remote monitoring technologies and

interactions with a conversational agent.

3. The proposed approach highlighted the potential for conversational Al to provide proac-

tive verbal support and automated alerts in response to safety risks at home.

Ethics Approval: The study was approved by the NHS Health Research Authority London-
Surrey Borders Research Ethics Committee (Minder Health Management Study); TIHM 1.5
REC 19/LO/0102.

Code Availability: The code used in this study is hosted on Code Ocean, a computational
reproducibility platform (https://codeocean.com /capsule /7912475 /tree/v1).
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3.2 Background

3.2.1 Home Activity Monitoring

Opportunities in the use of smart home technology for older adults and PL\WD are well noted
in the literature: from diagnostic assessment to tailored care, health monitoring, cognitive
support, and completion of ADLs [17, 170, 172, 200]. Advances in loT technologies have
spurred significant progress in activity recognition, habit assessment, and anomaly detection
within smart homes [5, 54, 58, 228, 276], including monitoring systems that aim to support
independent living of older adults and people affected by dementia [14, 15, 36, 154, 231].
If not designed carefully and with end-user involvement, these can be perceived as complex

and intrusive and may raise ethical concerns regarding privacy [6, 48, 149, 172, 180].

Models capable of recognising behaviour are of particular relevance to this study. Home
activity data can be used to analyse activity sequences with temporal and spatial information,
such as a user's morning routine [136, 168]. This analysis can detect changes in behaviour over

time, which may indicate shifts in lifestyle, functional or cognitive abilities [228, 278].

Recent work has proposed habit representation methods using activity data collected from
smart environments, focusing on the sequence and duration of activities [136]. Along sim-
ilar lines, a real-time monitoring framework has been proposed to recognize habits and
detect anomalies to support seniors [168], yet no results were obtained from data collec-
tion with PLWD. Furthermore, sequence comparison and clustering methods have been ap-

plied to activity vectors to identify daily routines, indicating the potential to assist with

ADLs [228].

Further studies have analysed abnormal behaviour of PLWD, identifying differences in daily
routine patterns [14]. However, this analysis was limited to a dataset of three households.
A common gap identified in these studies is the lack of longitudinal data collected from
target populations in real-world contexts. Researchers have also explored correlations between
changes in daily routine and alterations in cognitive and physical health [55]. The authors
evaluated the approach using continuous data collected from smart home sensors and 18
senior residents. While there has been work in each of these areas individually, to the best of
knowledge, no research to date has correlated in-home activity captured by loT technologies

with voice interactions with conversational Al to track behaviour.

3.2.2 Similarity Methods

The investigation of ADLs to understand human behaviour includes sequence comparison and

clustering approaches to identify patterns from activity sequences captured by loT technolo-
gies [126, 228]. Inspired by sequence mining algorithms used in bioinformatics to analyse gene
sequences [160, 161], researchers have applied similar techniques to study human activity.

Different similarity measures have been studied in the context of sequence analysis, which
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can be categorised as follows: distances between probability distributions, counts of common
attributes, and optimal matching between sequences considering the necessary operations to

transform one sequence into another [223, 236].

The choice of a suitable similarity measure for comparing activity sequences largely depends
on the sequential features being considered (e.g., temporal information, duration, and or-
der) [207, 228]. Popular distance metrics are used to calculate the similarity between pairs
of categorical sequences, such as the Hamming distance [92], which calculates position-wise
comparisons of pairs of sequences of equal length, and the Levenshtein distance [140], given
by the smallest number of editing operations needed to turn one sequence into another.
However, these metrics are not suitable for dealing with temporal sequences, where common
and consecutive elements should be considered. An alternative approach has been proposed

to capture the sequentiality of events [86].

3.2.3 Topic Modelling

Topic modelling is an unsupervised learning technique used to identify hidden patterns in a
text corpus [100]. This technique can be applied to analyse interactions with conversational

Al and inspect user interests and preferences over time.

Conventional models, typically based on Latent Dirichlet Allocation (LDA), employ a bag-
of-words model, in which each unique word is modelled independently of the others [44].
However, these models involve simplistic assumptions and pre-processing steps that often
dismiss semantic relationships between words, resulting in less coherent and interpretable
topics [46, 177]. With recent developments in NLP, pre-trained language models have been
proposed to capture semantic and contextual information from text more effectively (e.g.,

BERT [113], GPT [204]). Similarly, Top2Vec [12] and BERTopic [89] have been proposed
to infer topics while keeping the original text structure [66, 142].
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3.3 Methods

The work presented in this chapter was conducted as part of the UK DRI-CR&T's Minder
study'. Minder is a digital care platform designed to deliver personalised care while promoting
the independence and safety of PL\WWD at home. The platform leverages in-home monitoring
technologies to passively collect behavioural data, monitor health and well-being, and identify
potential risks that could lead to hospitalisation, such as falls, neuropsychiatric problems or
infection. Minder aims to support timely interventions and facilitates continuous interaction

between PL\WD, carers, and a dedicated NHS team to enhance clinical care.

A. Terms and Definitions

Behavioural event. In this study, a behavioural event is defined as a sensor trigger captured
in a smart home with an associated timestamp. Each behavioural event indicates an activity

(e.g., motion in the house, taking vitals, interacting with a voice agent).

Activity sequence. This study explores in-home daily activity using conversational technology.
An activity sequence is defined as a sequence of ordered behavioural events that occur in
the 10-minute period (defined based on domain knowledge) preceding or following Alexa use,

with an associated start and end timestamp (elaborated in Section 3.3.4).

Behavioural pattern. A behavioural pattern is defined as a set of activity sequences with a
high degree of similarity that occur for at least three weeks, determined by domain knowledge
(e.g., a user takes vitals in the morning before interacting with Alexa for a month). Details
on the approach used to quantify the degree of similarity between pairs of activity sequences

are presented in Section 3.3.4.

Behavioural change. A behavioural change is identified when a new set of activity sequences
emerges, evidenced by a lower degree of similarity to previously observed patterns compared
to adjacent activity sequences (e.g., a user stops taking vitals before interacting with Alexa,

which had previously been identified as a trend).

Novelty phase. This analysis focuses on discovering behavioural trends in households with
PLWD beyond the novelty phase. In line with previous home-based robotics studies, the
novelty period is defined as the first three months of use [237].

3.3.1 Research Questions

This study aimed to address the following research questions:

o RQ1: Do end-users engage with conversational technology beyond the novelty phase?

1The UK DRI-CR&T's Minder digital care platform was developed to promote the independence of PL\WD
at home.
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Table 3.1: Participant cohort and data acquisition. Total days refers to the duration of data
collection, from the first to the last date of Alexa interactions, but participants did not use the device
daily. The total number of Alexa triggers encompasses both the questionnaire trigger and random
interactions throughout the data collection period. Unique events comprise all the behavioural events
for each participant, including Alexa interactions.

PID Sex Diagnosis Total Start date End date Total Unique

days triggers  events
P1 Male Vascular dementia 169 2021-05-07 2021-10-23 202 100436
P2  Male Dementia in Parkinson's 388 2021-05-13 2022-06-05 1824 239611
P3  Male MCI 381 2021-05-16 2022-06-01 96 214879
P4  Male AD 387 2021-05-14 2022-06-05 448 210271
P5 Male AD 244 2021-09-28 2022-05-30 368 105326
P6 Female AD 260 2021-09-08 2022-05-26 600 95762
P7 Female AD 263 2021-09-08 2022-05-29 555 89475
P8 Male AD 23 2021-09-08 2021-10-01 19 9716
P9  Female AD 102 2021-09-08 2021-12-19 102 33569
P10 Female AD 107 2021-09-20 2022-01-05 69 75
P11 Male AD 73 2021-09-25 2021-12-07 72 15687
P12 Male Lewy Body Dementia 220 2021-10-28 2022-06-05 2125 131032
P13 Male AD 244 2021-10-05 2022-06-06 610 152162
P14 Male AD 242 2021-10-05 2022-06-04 656 125112

o RQ2: Can the analysis of in-home activity and interactions with conversational technol-

ogy identify trends and changes in behaviour?

o RQ3: Do participants continue using Alexa following clinical events (e.g., hospitalisa-

tions)?

3.3.2 Participants and Setting

A year-long longitudinal study was conducted in homes of PLWD to explore the integration of
conversational Al in smart homes. Participants (N=14, 75-94 years, four females, P1 to P14)
had a diagnosis of dementia or MCl and lived in their homes with a carer. Table 3.1 presents
the cohort of participants and data collection information. The total data collection timeframe
varied between participants due to two recruitment stages followed by Alexa deployment and

individual usage.

3.3.3 Longitudinal Deployment

In-home activity and interaction data were collected using loT technologies and commercial

conversational technology (Amazon Alexa), respectively.

A. Technology Overview

Each household was equipped with the same monitoring technologies to collect in-home

activity, namely: passive infrared (PIR) sensors installed in the bedroom, the lounge/living
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b pes
Figure 3.1: Technology used for in-home data collection. Home monitoring and conversational
technology used to collect activity and interaction data, respectively: a) PIR, b) sleep mat, c) door
sensor, d) blood pressure monitor, ) smart speaker.

room, the kitchen, the bathroom, and the hallway to capture motion; door sensors placed
on the front door and the back door to detect when a door was opened or closed; a sleeping
mat to collect information about a person getting in or out of bed; physiological devices to
capture vital signs, including a pulse oximeter, scale, thermometer, and blood pressure cuff.
In addition, Alexa was deployed in each home and daily interactions were analysed over time

(see Figure 3.1).

B. Data Overview

A household analysis was conducted without using voice to ensure privacy and anonymity.
Therefore, the interaction data comprised text utterances of each Alexa trigger (generated
through embedded speech-to-text) and the corresponding timestamp. Two types of Alexa

data were considered:

o Questionnaire: Participants were encouraged to complete a daily well-being question-
naire that included six well-being questions about mood, agitation, anxiety, sleep qual-

2 This data type was used to inspect the frequency

ity, tiredness, and activity plans.
and time of questionnaire triggers over time. Timestamps for the start and end of the

questionnaire were extracted and answers to each question were excluded.

o Random interactions: Participants were further encouraged to interact with Alexa freely
(e.g., ask for the weather, news, or entertainment). This includes all Alexa triggers
excluding the questionnaire start, end, and answers. This was used to explore common

topics of interest.

Following a previous approach for in-home activity data collection [69], a total of 13 be-
havioural events were analysed related to location at home, getting into and out of bed,
opening or closing doors, vitals®, and user-initiated interactions with Alexa (see Table 3.2).
The activity data were extracted offline from DCARTE?, a framework that allows anonymised
data access by DRI-CR&T researchers. The activity and interaction datasets were aggregated,

grouped by participant, and sorted by timestamp, resulting in a total of over 1.5 million unique

2A bespoke Alexa skill prototype was developed for this study.
3Note that all physiological measurements were grouped into one vitals event.
4UK DRI-CR&T DCARTE (https://zenodo.org/record /4592930)
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Table 3.2: Behavioural events captured by loT technologies. Each behavioural event represents
an activity captured by remote health monitoring devices or the Alexa smart speaker. Note that all
physiological readings were grouped into a single vitals event and three Alexa types of interaction
were considered.

Behavioural event Monitoring devices Activity detected
Lounge PIR sensors Motion
Kitchen PIR sensors Motion
Bedroom PIR sensors Motion
Bathroom PIR sensors Motion
Hallway PIR sensors Motion
Bed in Sleep mat Getting into bed
Bed out Sleep mat Getting out of bed
Front door Door sensor Door opening/closing
Back door Door sensor Door opening/closing
Vitals Pulse oximeter, scale, thermometer, Taking vitals

blood pressure cuff
Start questionnaire Amazon Alexa Interacting with Alexa
End questionnaire Amazon Alexa Interacting with Alexa
Random interaction Amazon Alexa Interacting with Alexa

observations collected over 3103 person-days (see details in Table 3.1). Each observation rep-

resented one event with a timestamp.

As part of the recruitment and deployment approach followed in this study, a monitoring
team maintained communication with participants to clarify technology capabilities, mitigate
privacy concerns, and record health events impacting PLWD routine (e.g., falls, infections,
hospitalisations). These notes were used to validate the quantitative findings. The proposed

pipeline of analysis is illustrated in Figure 3.2.

3.3.4 Similarity of Activity Sequences

This study investigated behavioural patterns by analysing in-home activity data and voice
interactions using conversational Al. The pairwise similarity of activity sequences occurring
within the 10-minute period preceding or following Alexa triggers was calculated. Behavioural
patterns were then explored by grouping activity sequences based on higher or lower similarity
scores. An activity sequence, 3, is defined as a vector of temporally ordered sensor triggers

(i.e., behavioural events):
§=[s1,...,8n),8 € E,

where E' is the finite set of 13 behavioural events considered in this study (see Table 3.2),

and s; is the event in position i of the sequence.

Each activity sequence includes temporal window and duration parameters, in addition to a
defined target event, i.e., the type of interaction: Start of the well-being questionnaire; End

of the questionnaire; and Random refers to other topics of interest.
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Figure 3.2: lllustration of the behaviour analysis pipeline. The main methods used in the study
include: 1) the longitudinal fusion of environmental and voice data, comprising a set of 13 distinct
behavioural events, as outlined in Table 3.2; 2) the topic modelling approach employing sentence
embeddings and clustering techniques; 3) the analysis of activity sequences on a household level
using a pairwise similarity measure; and 4) clustering to discern behavioural patterns. Additionally,
notes from the monitoring team were used to explain and validate the quantitative findings.

Through exploratory data analysis, an optimal window of five consecutive events was selected
and sequences were filtered to a maximum duration of 10 min near the target trigger. Note the
duration of each event varies. Therefore, activity sequences may comprise repetitive events as
long as the total vector size is five (i.e., n = 5) and the maximum duration is 10 min. Below
are examples of equal-length sequences that preceded the trigger of the daily questionnaire
(sp,=Start) for a given participant:
Lounge > Kitchen > Lounge > Lounge > Start
Vitals > Vitals > Kitchen > Lounge > Start

To quantify the level of similarity between activity sequences composed of chronologically
ordered behavioural events, s, pairwise sequence similarity was calculated. Given the focus
on capturing the temporal order of events, ordering-based sequence similarity [86] was applied.
This categorical sequence mining technique considers the number of common elements and

their order within the sequence.

Let si = [sa1,---, San] and sp = [sBy, ..., SBn] be two equal-length activity sequences. The
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similarity score between s4 and sp (the vector symbol was omitted for simplicity) was cal-

culated as follows:

f(s4,58) +g(s4,5B)
na+npg

sim(sa,sp) =1— (3.1)

where f(s4,sp) quantifies the similarity in the position of elements in the sequence (i.e., the
order), g(sa, sg) counts the number of non-common elements, and n4 and ng denote the

vector size of s4 and sp, respectively.

For a behavioural event e € E and activity sequences s4 and sp, let LS be the number of
times e appears in 54, and 55 (k) the k** position of e in 54. Csp denotes the set of common
events in s4 and sg. Usp denotes the set of events that appear in s4 but not in sg. Then,

f(sa,sB) and g(sa, sp) are calculated as follows:

Kin | ge (1) _ g¢
f(SA:SB) _ EEGCAB(E!C=1 | A(k) B(k)l)} (32)

max(n4,ng)

and

9(sassp)= > Lay+ > LG, (3-3)

eelUap eclUpa
where K4z = min(L%, Lg).

Using the two activity sequences shown above as an example with simplified notation s4 =
{L,K,L,L,S}, sg ={V,V,K,L,S}: since L, K and S appear in both sequences, Cap =
{L,K,S}. Looking at the position of common events in each sequence, s§ = {0,2,3},
sk = {3}, s& = {1}, s& = {2}, 55 = s = {4}, therefore f(s4,5p) = (|0—3|+|1—2|+|4—
4|)/5 = 0.8. Calculating the non-common events, V' appears twice in sg, hence Uga = {V'}
and g(s4, sg) = 2. Following Equation 3.1, sim(ss,sg) =1 — (0.8 +2)/10 = 0.72.

The target event, s5, was predefined to analyse activity sequences within the 10-minute
window preceding Alexa use (e.g., for activity sequences preceding the questionnaire trigger,
s5 = Start). Similarity matrices were then analysed on a household level, using the computed
pairwise similarity scores. Higher values within these matrices indicate a higher degree of

similarity between pairs of activity sequences.

Subsequently, similarity matrices were used to cluster activity sequences by grouping those
with higher or lower similarity scores. Given that the data points to cluster (i.e., the activity
sequences) are not in a vector space, K-Medoids clustering was applied, a method based on
the partition around medoids algorithm [112]. The silhouette method was used to determine
the number of clusters. Altogether, the approach involved computing pairwise similarity and
performing clustering of activity sequences to identify behavioural patterns and examine

changes in behaviour using conversational technology at home.
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Figure 3.3: Topic modelling. Top words for each topic are shown, ranked by their TF-IDF scores
reflecting word importance relative to all words within their respective topic. The undefined topic
contained a diverse range of utterances, resulting in low TF-IDF scores.

3.3.5 Topic Modelling of Interaction Data

Topic modelling was applied to analyse Alexa interactions of type random (i.e., Alexa usage
unrelated to the well-being questionnaire, as described in Section 3.3.3). A pre-trained lan-
guage model was used for this analysis.® K-Means clustering® was applied in two iterations to
the obtained utterance vectors, using the silhouette method to determine the optimal number
of clusters.” In the first round, K-Means clustered the vectors into 16 groups. Upon manual
inspection, a set of generic utterances was labelled as the undefined topic. Similar clusters
were then combined, resulting in eight distinct clusters, including the undefined topic. In
the second round, the undefined topic was further clustered into 15 topics using K-Means.
These topics were then merged with similar clusters from the first round, integrating two

newly emerged clusters and identifying a new undefined topic.

Figure 3.3 shows the 10 identified topics from Alexa interactions and the most frequent
words associated with each topic using term frequency-inverse document frequency (TF-IDF)
¥ These include 1) confirming Alexa actions or speech recognition, 2) control commands,
3) requesting entertainment such as music, radio, or games, 4) setting timers, 5) asking for
weather updates, 6) attempting to start the daily questionnaire; 7) inquiring about time,
dates, or setting reminders, 8) requesting news, 9) greeting Alexa, and 10) remaining Alexa

interactions of type random.

®A pre-trained sentence transformer model [211] was used to embed each user utterance into a 768-
dimensional vector (all-mpnet-base-v2 from Hugging Face).

SPreliminary research on topic modelling revealed that non-negative matrix factorization and LDA pro-
duced unsatisfactory results.

"The performance of different clustering methods was evaluated using the silhouette score as a measure of
coherence. K-Means marginally outperformed Hierarchical Clustering, Gaussian Mixture Models, and Spectral
Clustering (see details in Appendix Table A2.1).

8TF-IDF is a statistical measure used to evaluate the importance of a word within a specific document
relative to its occurrence across the entire corpus.
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3.4 Results

This study analysed over 1.5 million events captured from loT technologies, remote health
monitoring devices, and conversational technology across a unique cohort of 14 households
with PLWD. First, user engagement with Alexa was investigated. Four participants who
interacted the most with Alexa were selected to report case studies (P2, P6, P12, and P14;
see the total number of Alexa triggers in Table 3.1). The monthly average number of Alexa
interactions (i.e., the total number of triggers) was examined both during and beyond the
novelty phase on a household level. Furthermore, activity sequences were analysed to identify
trends and changes in behaviour on a household level. Alexa usage was also inspected in the

week following clinical events.

3.4.1 Long-Term Engagement at Home

This study explored the use of conversational technology by people affected by dementia and
their carers at home over seven months on average® (see Table 3.1). Particular interest was
given to the novelty effect on user engagement (see RQ1 in Section 3.3.1), which has been
argued as a key barrier to long-term adoption by older populations [118, 248]. The common

topics triggered by participants when interacting with Alexa were also inspected.

A. Engagement Beyond the Novelty Phase

Figure 3.4 shows an overview of Alexa interactions over time for P12 and P14. P12 interacted
with Alexa consistently over time, particularly during the novelty phase, as evidenced by a rise
in random interactions. However, there was a gradual decline in Alexa usage during the post-
novelty phase (i.e., after the first three months). P12's daily interactions with Alexa peaked in
December 2021 (N triggers=42) during the novelty period. P14 also used Alexa consistently
but exhibited intervals of non-interaction. P14's daily interactions peaked in November 2021

(N triggers=27), on the second day of use.

Engagement with the well-being questionnaire varied across participants. For instance, P14
consistently completed the questionnaire monthly, with a noticeable decline in engagement
after seven months, in May 2022. In contrast, P12 gradually reduced the frequency of ques-
tionnaire triggers, eventually stopping after March 2022.

The weekly average number of Alexa interactions (of both questionnaire and random types)
was compared during and beyond the novelty phase. This analysis included the 11 participants
with a total Alexa usage of at least four months. A significant decrease in engagement
was observed after the novelty phase across the cohort (W=5, p<.025, common-language

effect size (CLES)=0.66'"). A significant decrease in engagement with the daily well-being

9Note that technology usage varied across participants, averaging over seven months (222 days).
10A Wilcoxon signed-rank test was used and false discovery rate (FDR) was applied with corrected p-values
compared against the significance level « = 0.025. The CLES is also reported.
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Figure 3.4: Longitudinal Alexa interaction data. The left plots show the daily counts of Alexa
events per day. The right plots show monthly usage of interactions (both questionnaire and random)
over the duration of Alexa use for: a) P12 and b) P14. N triggers quantifies the total number of
interaction triggers.

questionnaire was also observed in the post-novelty period (W=0, p<.025, CLES=0.72).
Moreover, of the participants who continued using Alexa beyond the novelty phase, two

stopped completing the well-being questionnaire after the first month of use.

Figure 3.5 shows an overall decline in Alexa usage in the post-novelty period for participants
with total Alexa usage exceeding eight months. In all these households, the weekly number
of interactions peaked during the novelty phase. For example, P2's weekly Alexa interactions
reached a peak in the first week of usage (13 May 2021, N triggers=302), as highlighted in
the grey box in Figure 3.5. However, a marked decrease in usage was observed after the first
month. Interestingly, interactions ceased for a 4-week period in February 2022. Health notes
from the monitoring team revealed that P2 was hospitalised during this period, which explains
the absence of Alexa usage. Furthermore, an increase in weekly interactions was observed
in April 2022, coinciding with P2's return home on 31 March 2022 after hospitalisation (as
logged by the monitoring team).

B. Frequent Topics of Interest

The common topics triggered by participants when interacting with Alexa (interactions of type
random) were examined using a topic modelling approach with sentence embeddings [113]
and K-Means clustering on the obtained utterance vectors. Figure 3.6a shows the top 10 most
triggered topics across the cohort. Participants frequently used Alexa for control commands
(e.g., change volume, start or stop actions), entertainment (e.g., play music, radio, or games),
and trigger the well-being questionnaire, which participants were encouraged to complete
daily. They also often used Alexa to set reminders or ask about current time, date, or day of

the week, get weather information, set timers, and ask for the news. Some participants used
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Figure 3.5: Engagement with Alexa during and after the novelty period. Weekly average
number of Alexa interactions per month and total weekly interactions for P2, P6, P12, and P14.
N triggers represents the total number of triggers. The vertical dashed line marks the transition
from the novelty phase (first three months of usage) to the post-novelty period. Grey boxes indicate
the date with the highest number of interactions and total triggers. Start dates and usage periods
varied among participants (as detailed in Table 3.2), so usage data is standardized based on the
first Alexa interaction for each participant.

the device to simply greet Alexa.

Figure 3.6b and Figure 3.6c¢ illustrate the proportion of topics triggered for selected partici-
pants. After the novelty phase, P2 primarily used Alexa for morning weather updates (85.3%
of weather requests occurred in the morning during this period, as detailed in Appendix Ta-
ble A2.2) and setting timers in the morning (53.7%), especially after January 2022. Topics
related to news, entertainment, and reminders were also frequently triggered over time. P6
showed an increased interest in using Alexa for entertainment in the morning, both during
the novelty phase (55.6%) and afterwards (51.9%). This participant also frequently asked
about the current date, time, and reminders in the morning during the first three months

(66.7%), a trend that continued in the post-novelty phase (52.6%).

Overall, participants continued to find certain capabilities of Alexa engaging and used them
regularly. While the observed decrease in Alexa usage, often attributed to unmet expecta-
tions or perceived lack of utility [49], aligns with previous research involving older demograph-
ics [118, 248], these findings suggest that future improvements in the design of home-based
conversational agents are necessary. Specifically, addressing long-term user engagement and
facilitating more personalised interactions could foster better integration in households with
PLWD. Based on these findings, challenges and design opportunities for future conversational

agents are discussed in Section 3.5.
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Figure 3.6: Topic distribution. a) Frequency of topics triggered across the cohort; b) Proportion
of topics triggered monthly by P2 and c) P6, excluding the undefined topic.

3.4.2 Mapping Behaviour from Activity Sequences

This study aimed to investigate whether conversational technology and environmental sensors
can map behaviour to support dementia care (see RQ2 in Section 3.3.1). In-home activities

detected by loT technologies were correlated with Alexa use (as outlined in Table 3.2).

In-home activity sequences in the 10-minute period preceding or following Alexa triggers were
analysed. The probability of behavioural events within these sequences was first calculated,
considering the two types of Alexa interactions, i.e., questionnaire and random. Figure 3.7
shows the probability of each behavioural event, captured by loT technologies, for four repre-

sentative users (P2, P6, P12, P14), within the 10-minute temporal window considered.

Participants were contacted to confirm the locations of their Alexa devices within their homes.
By examining the probability of behavioural events in the activity sequences, the primary
locations of Alexa were confirmed. P2 and P14 had the device placed in the lounge, as
evidenced by higher probabilities of lounge events before and after Alexa triggers (see darker
areas in Figure 3.7). Similarly, P6 and P12 had their device in the kitchen, supported by
higher probabilities of kitchen events. The higher probability values for the corresponding
behavioural events were consistent across the three types of activity sequences examined:
(A) activities preceding the questionnaire trigger, (B) activities following the questionnaire

completion, and (C) activities prior to random Alexa interactions.

In addition to identifying the primary Alexa locations, the frequent occurrence of specific
events, such as kitchen activities for P2 or hallway for P12, indicates that these activities
often occurred within the 10-minute period before or after Alexa triggers. For instance, P2's
most common activity sequences before starting the well-being questionnaire (s5 = Start,
column A in Figure 3.7) was: Kitchen > Lounge > Kitchen > Lounge > Start. This
sequence suggests that P2 typically completed the questionnaire in the lounge after moving
from the kitchen.

Furthermore, the pairwise similarity for each pair of activity sequences was computed, as de-
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P2 P6 P12 P14
Al%) B(%) C(%) A(%) B(%) C(%) A(%) B(%) C(%) A(%) B(%) C(%)

Bed in 000 000 007 000 000 000 000 000 022 000 000 0.00
Bed out 000 000 007 000 000 000 000 000 012 000 000 0.0
Vitals 1691 1010 269 7.19 304 305 000 000 029 7.67 1662 5.02
Bathroom 1.01 192 682 031 034 113 273 250 370 071 0.15 3.03
Bedroom  0.72 1.zam 062 203 102 773 542 1262 1.14 150 277
Hallway

Lounge

Kitchen 11.51
Backdoor 101 128 161 531 541 611 045 000 071 227 105 199
Frontdoor 043 096 045 031 338 068 136 125 282 000 000 0.26

Random 8.24 3.04 prAuN 1562 4.73 12.10

6.74 597 6.44 12.63
Start 043 176 086 000 068 882 000 125 162 0.14 080 536

End 159 016 048 062 000 170 136 042 074 099 015 3.98

Figure 3.7: Probability of behavioural events before or after Alexa use. Probability (%) of
each behavioural event occurring within the 10-minute period preceding or following Alexa use for
P2, P6, P12, and P14. Three Alexa events were analysed, represented as columns: (A) activity
sequences preceding the start of the well-being questionnaire s5 = Start; (B) activity sequences
following the completion of the well-being questionnaire s; = End; (C) activity sequences preceding
any random Alexa interaction s; = Random. For each participant and activity sequence type the
probability of an event s; € E (the finite set of 13 events) was calculated by summing occurrences
of event s; in all sequences and dividing by the total number of possible occurrences. Note that the
total number of occurrences excludes the first or last event of each sequence, s1 or ss, since these
were predefined and equal for all sequences analysed.

tailed in Section 3.3.4. This allowed us to form a distinct similarity matrix for each household.
Each data point in the matrix corresponds to an activity sequence of five behavioural events
that occurred in the 10-minute period preceding or following Alexa use (see Figure 3.8).
Pairwise similarity scores were subsequently used to cluster the activity sequences, using the
K-Medoids method, to identify groups of similar activity sequences and inspect differences
between clusters. Given the chronological ordering of data points in each similarity matrix, it
became feasible to identify common household behaviours during specific time periods, i.e.,

groups of activity sequences with a high degree of similarity for a given time period.

Figure 3.8a shows an example of P2's household behaviour over time, from May 2021 until
June 2022. Border A shows a distinct shift in the similarity of activities within that period
compared to prior months and subsequent weeks. Four distinct clusters were identified in P2's
activity. One of these clusters (denoted as cl; for clarity) became more prominent during a
6-week period, labelled as X1 in Figure 3.8a. During X1, 84.7% of activity sequences belonged
to the dominant cluster, cl;. Moreover, outside of period X1, only 11.9% of activity sequences

belonged to ¢l,. Further details are presented in Appendix Table A2.3 and A2.4.

This indicates that during X1, there was a distinct pattern in P2's activity sequences. No-

tably, the probability of Bedroom events in activity sequences within ¢l; increased to 25.8%
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Figure 3.8: Similarity matrices of in-home activity sequences. a) similarity of activity sequences
preceding Alexa interactions of type random (ss = Random) from May 2021 until June 2022 for
P2; b) similarity of activity sequences that preceded the activation of the well-being questionnaire
(s5 = Start) from May 2021 until January 2022 for P2; c) similarity of activity sequences that
preceded the activation of the well-being questionnaire (s5 = Start) from October 2021 until May
2022 for P14. The axis numbers represent chronologically ordered activity sequences. The dates of
the selected periods, along with the dates of the first and last analysed sequences, are shown below
each matrix. Lighter tones represent a high degree of similarity and darker tones represent a low
degree of similarity. The colour bar applies to all matrices.

compared to a maximum of 0.1% in other clusters (see Table 3.3). Additionally, the prob-
ability of Lounge events declined from a maximum of 41.5% in other clusters to 1% in cl;.
Furthermore, during X1, 61.1% of household activity preceding Alexa interactions of type

random occurred in the morning.

These findings suggest a change in the Alexa device location from the lounge to the bedroom
and a trend toward triggering Alexa in the morning. This observation aligns with the higher
probability of Bedroom events, as observed in Figure 3.7 (14.5%, column C). The monitoring
team verified with P2 that the Alexa device had been moved to the bedroom during period X1
as a consequence of the participant’'s health condition, who, after a hospitalisation, primarily

stayed in the bedroom for one month.

This approach and interpretation were subsequently applied to other similarity matrices for
further analysis. Figure 3.8b shows the similarity matrix for P2's activity sequences preceding
the questionnaire trigger, spanning from May 2021 to January 2022. The selected border,
labelled B, was further analysed. Note that even though P2 discontinued the daily question-
naire in late January 2022, their Alexa usage for random interactions remained consistent

until the end of data collection, as observed in the similarity matrix previously analysed
(Figure 3.8a).

One of the three clusters identified using K-Medoids (denoted as cl3) was predominant during

a 4-week period, labelled X2. During X2, 77.8% of data points belonged to cluster cls,
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Table 3.3: Case study 1 — probability of behavioural events for each cluster identified. The
cluster size indicates the number of activity sequences within the cluster and the corresponding
percentage of the total time period represented in the similarity matrix in Figure 3.8a. Note that
bold numbers highlight key results reported in the text.

Behavioural event cly (%) cly (%) clz (%) cly (%)
Bed_in 0 0.2 0 0
Bed_out 0 0 0.1 0
Vitals 1.8 43 1.5 0.5
Bathroom 14.0 2.2 0.2 1.6
Bedroom 25.8 1.5 0.1 21
Hallway 12.8 24 0.6 1.2
Lounge 1.0 21.1 41.5 12.6
Kitchen 0.4 36.3 13.3 44
Back door 0 3.7 1.4 0
Front door 0.1 0.6 0.6 0
Random (Alexa) 17.5 1.2 12.6 50.5
Start (Alexa) 0 0.7 1.0 1.2
End (Alexa) 0 0.5 0.3 0.5
Cluster size 364 (33.0%) 313 (28.4%) 271 (24.6%) 156 (14.1%)

Table 3.4: Case study 2 — probability of behavioural events for each cluster identified. These
values refer to the similarity matrix analysed in Figure 3.8b.

Behavioural event cli (%) cla (%) cls (%)

Bed_in 0 0 0
Bed_out 0 0 0
Vitals 5.5 5.3 479
Bathroom 14 0.7 1.1
Bedroom 0.5 0.4 1.6
Hallway 0.5 0.7 1.6
Lounge 61.8 36.3 19.7
Kitchen 13.2 49.3 16.5
Back door 14 1.1 0.5
Front door 0.5 0 1.1
Random (Alexa) 12.7 4.6 8.5
Start (Alexa) 0.5 0.4 0.5
End (Alexa) 2.3 14 1.1
Cluster size 55 (32.8%) 71 (41.0%) 47 (27.2%)

compared to just 21.3% outside of X2 (see Appendix Table A2.3 and A2.4). Furthermore,
the analysis revealed that 94.7% of household activity preceding the questionnaire trigger
during X2 occurred in the morning. The increased probability of Vitals events in activity
sequences within cl; (47.9%, compared to a maximum of 5.5% in other clusters, presented
in Table 3.4) suggests a trend of taking vitals before completing the daily questionnaire in

the morning.

Similarly, Figure 3.8c illustrates P14's household behaviour over time. The selected borders,
C and D, were further inspected. Four clusters were identified using K-Medoids, with two

clusters (¢l and cly) being prominent across two distinct 11-week periods, labelled X3 and
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Table 3.5: Case study 3 — probability of behavioural events for each cluster identified. These
values refer to the similarity matrix analysed in Figure 3.8c.

Behavioural event cly (%) cla (%) clz (%) cly (%)

Bed_in 0 0 0 0
Bed_out 0 0 0 0
Vitals 21 46.7 9.1 0.4
Bathroom 1.1 0 0 0.7
Bedroom 2.1 0 4.6 0
Hallway 0 0 0 0
Lounge 50.0 43.5 27.3 89.1
Kitchen 387 11 46 39
Back door 2.5 1.1 6.8 1.8
Front door 0 0 0 0
Random (Alexa) 3.5 3.3 43.2 3.5
Start (Alexa) 0 0 2.3 0
End (Alexa) 0 44 2.3 0.7
Cluster size 71 (40.3%) 23 (13.1%) 11 (6.3%) 71 (40.3%)

X4. During X3, 64.8% of data points were associated with cluster cly, while only 29.5% of
activity sequences were associated with ¢l outside of X3. During X4, 75% of data points were
associated with cluster ¢l;, compared to only 24.2% outside of X4 (see Appendix Table A2.3
and A2.4). Furthermore, all activity sequences within both X3 and X4 were concentrated in

the morning hours.

Period X3 suggests that P14 consistently completed the questionnaire while in the lounge
(the probability of lounge events within ¢l4 is 89.1%). On the other hand, period X4 indicates
the predominance of activity in both the lounge (50% within ¢l;) and kitchen (38.7% within
cly), as seen in Table 3.5. Overall, these two periods suggest a trend in behaviour related to
the use of conversational technology to complete the daily questionnaire. Specifically, P14
routinely triggered the questionnaire in the morning, either while in the lounge or following

kitchen activities.

Furthermore, a noticeable darker area within period X3 on the matrix indicates a change in
behaviour over nine days in early December 2021. During this period, P14's activity sequences
consistently included the Vitals event, e.g., Lounge > Lounge > Vitals > Vitals > Start.
This suggests that P14 routinely took vitals in the 10 minutes prior to completing the Alexa

questionnaire, a pattern identified as highly dissimilar to surrounding activity sequences.

By fusing activity data captured by loT technologies with interactions with conversational
technology, the analysis demonstrated technical feasibility to map trends and changes in be-
haviour from in-home activity. This ability to map behaviour provides a basis for personalising
future interactions. By tracking daily contexts at home, conversational Al could proactively
initiate conversations about relevant topics at appropriate times. Furthermore, conversational
Al could inform carers and clinicians of changes in behaviour detected, ultimately enhancing

the well-being and safety of PLWD at home.
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3.4.3 Use of Conversational Technology After Clinical Events

The study also investigated whether participants continued to use Alexa during the week
following clinical events (see RQ3 in Section 3.3.1). Dates of individual health events (e.g.,
falls, infections, hospitalisations) were logged by the monitoring team in regular contact with
participants. Alexa triggers (including both questionnaire and random interactions) were

considered specifically within the seven days following each health event.

A total of 38 health events were evaluated across the cohort, which comprised events that
took place on a day at home (e.g., falls), events of longer duration than a day during which
PLWD stayed at home (e.g., Covid-19 infections), and events of longer duration than a day
out of home (e.g., hospitalisations). Furthermore, the total number of events considered in
this study corresponded to 10 participants (no health events were logged by the monitoring

team for the remaining participants).

This analysis showed that participants continued interacting with Alexa even after exhibiting a
clinical event (W=561, p<0.017""). The same observation was verified when inspecting single
dates and periods of health events during which PLWD stayed home (W=435, p<0.017).
Interestingly, participants continued using Alexa in the 7-day period after returning from
hospitalisations (W=10, p<0.017).

Despite the limited number of observations analysed across the cohort, these findings sug-
gest the potential for conversational agents to provide personalised assessments of health
and well-being after the occurrence of health events, which is further discussed in the next

section.

1A one-sample Wilcoxon signed rank test was conducted and FDR was applied, with corrected p-values
compared against the significance level of o = 0.017.
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3.5 Discussion

This chapter presents a year-long longitudinal deployment of conversational technology in
homes of PLWD (N=14), analysing user engagement and behaviour in smart environments
to support dementia care. This section summarises the main findings of the study and their
implications for future research towards real-world translation of conversational technology

for utility in digital health monitoring.

A. Summary of Findings
Al. User engagement decreased after the novelty phase.

The analysis considered 13 behavioural events (outlined in Table 3.2) related to in-home activ-
ities and voice interactions with Alexa, both to complete a daily well-being questionnaire and
trigger other topics of interest. User engagement was explored over time, particularly beyond
the novelty phase (i.e., after the first three months). A significant decrease in engagement
was observed after the novelty phase across the cohort, although certain topics prevailed in
individual daily routines during the post-novelty phase (see RQ1 in Section 3.3.1). This de-
cline can be attributed to a lack of perceived utility and interactions that adapt to individual

needs, preferences, and cognitive state over time.

Carers frequently reported frustration with Amazon Alexa's invocation name, as PL\WD often
had difficulty remembering it. Speech recognition errors were also noted, with Alexa occasion-
ally failing to understand user commands or handle longer pauses in speech when participants
needed more time to formulate answers — a challenge reported in previous research on older
adults using voice technology [118]. These technical barriers likely compounded user disen-

gagement, particularly after the initial novelty wore off.

Another limitation identified that likely affected long-term engagement was the repetitive
nature of the daily questionnaire participants completed during the study, which did not vary
in content. The development of adaptive questionnaires that proactively engage with users
for health and well-being self-assessments and follow up on previous responses represents a
promising area of future research. User engagement with conversational technology will be

further evaluated and discussed in this dissertation through user studies conducted in the

UK, India, and the USA (see Chapter 5).
A2. In-home activity analysis showed the capacity to identify behavioural trends.

This study investigated the daily contexts in which Alexa was triggered at home by analysing
activity sequences in the 10-minute period preceding or following its use (see details in Sec-
tion 3.3.4). The behaviour analysis correlated in-home activities detected by loT technolo-
gies and remote health monitoring devices with user-initiated Alexa interactions. This study

demonstrated the technical feasibility to identify trends and changes in behaviour (see RQ2
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in Section 3.3.1). Case studies for selected participants revealed distinct behavioural pat-
terns, including relocating the Alexa device to the patient's bedroom as a response to health
and caregiving needs after hospitalisation, a consistent morning routine of taking vitals be-
fore completing the well-being questionnaire, and a repetitive sequence of morning kitchen

activities followed by triggering the questionnaire over several weeks.
A3. Alexa use continued after clinical events, suggesting opportunities for proactive support.

Participants continued using Alexa during the week following clinical events, including after
returning home from hospitalisations (see RQ3 in Section 3.3.1). While the limited number of
health events analysed across the cohort prevents broader conclusions with depth of clinical
outcome, this preliminary finding suggests opportunities for automated verbal interactions

targeting proactive and personalised health support after the occurrence of health events.

B. The Promise of Conversational Al in Digital Health Monitoring

This research argues that conversational Al integrated into the living environment holds
potential to support ageing and dementia care. If well incorporated at home, particularly
through integration with loT technologies, conversational Al could map behavioural trends

and provide automated verbal support and alerts in response to safety risks at home.

Conversational technology could directly query users for self-assessments of health and well-
being, verify safety risks detected by other monitoring technologies, and encourage behaviours
that promote well-being, such as suggesting activities or hydration at appropriate times. This
provides a basis for the verification of changes in health and behaviour captured by loT
technologies in smart homes. Conversational Al could also offer verbal support in the event
of perceived agitation or confusion and promptly notify relevant stakeholders, which can
facilitate early intervention. Furthermore, verbal interactions could be personalised based on
users’ topics of interest, such as suggesting entertainment, reminding them of a favourite TV

show, or sharing relevant news.

This research envisions conversational technology playing a crucial role in proactive and
personalised dementia care with the potential to: 1) verify health or safety risks captured by
loT monitoring technologies in smart homes; 2) proactively query users for self-assessments
of health and well-being following clinical events; and 3) trigger automated alerts to inform

carers and healthcare professionals, facilitating timely interventions.

C. Limitations and Future Work

The small sample size (N=14) limits broader conclusions and generalisability of the findings,
but the depth of longitudinal data collected is unique given time (>1 year), real-world setting
(households of PL\WD) and participant engagement.
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The use of in-home monitoring technologies presents several challenges. In this study, par-
ticipants had various monitoring technologies and an additional interactive device in their
homes. Some participants expressed privacy concerns about having their voice interactions
recorded and stored, which led to reduced adoption rates. These concerns must be addressed
with stakeholder involvement early in the design, recruitment, and deployment process to
ensure the technology infrastructure is non-invasive and privacy aware. This approach will be
further explored in Chapter 5 through participatory studies with stakeholders aimed at better

understanding their needs, experiences, perceived benefits and concerns.

Adapting interactions is essential for scalability in smart homes. This should incorporate pre-
vious user responses on subjective perceptions of health and well-being, individual cognitive
abilities, and detected changes in behaviour at home. The proposed behaviour analysis could
be integrated into proactive, personalised interactions, including the use of automated ques-
tionnaires, to offer insights into health and well-being, which are not captured by passive

monitoring systems alone.

Future work could address the challenge of long-term engagement with conversational tech-
nology. Although participants in this study generally used Alexa for extended periods, usage
declined over time, particularly after the novelty phase. This decline is attributed to a per-
ceived lack of utility and insufficient adaptation of interactions. This research argues that to
effectively support target populations at home, conversational technology should: 1) be easy
to use; 2) be adequately integrated with the environment to proactively respond to contextual
cues; 3) adapt to individual needs, preferences, and cognitive abilities over time to provide
personalised support; 4) promote the autonomy of the carer, so they can undertake their
caring tasks while receiving forms of relief; and 5) facilitate meaningful human connections,

such as between PLWD, carers, and clinicians.

This study analysed behaviour at the household level, which could be extended to a more
individualised approach. However, when multiple individuals, including visitors, interact with
Alexa, the behaviour analysis may become skewed. Speaker diarisation techniques could
help address this issue. Furthermore, future work could involve larger and more diverse
populations to uncover real-world use cases that can be effectively implemented in smart
homes, benefiting both users and clinical practices. This work identified the following use
cases for future investigation: 1) tracking cognitive health from spoken language; 2) predicting

comorbidities, such as the risk of agitation, from in-home activity and behaviour.
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3.6 Summary

This chapter presented findings from a year-long deployment of commercial conversational
technology (Amazon Alexa) in the homes of people affected by dementia (N=14). User
engagement was evaluated over time, particularly beyond the novelty phase. In-home activity
sequences were analysed using data captured from remote monitoring devices (e.g., motion,
vitals, use of kitchen appliances) and conversational technology. To the best of knowledge,
no study to date has integrated conversational Al with continuous home monitoring data,

specifically targeting well-being support and safety in ageing and dementia care.

There was a significant decrease in engagement after the novelty phase across the cohort
(p<.025), highlighting the need to adapt voice interactions to individual needs and prefer-
ences for personalised and proactive support in dementia care. The analysis demonstrated
the technical feasibility of identifying behavioural trends by correlating activity data from
remote monitoring technologies with interactions with conversational Al in smart homes.
Additionally, there was engagement with conversational technology after clinical events, such
as hospitalisations, suggesting future opportunities for adaptive questionnaires to directly

query users for self-assessments of health and well-being.

The study highlighted the potential to integrate conversational technology at home for be-
haviour monitoring to support well-being and home safety. Key to realising this potential is
the development of adaptive interactions that can: 1) provide proactive verbal support in
response to safety risks detected by loT and home monitoring technologies; 2) directly query
PLWD to verify health symptoms; 3) trigger alerts to inform relevant stakeholders about
risks at home, facilitating timely interventions; and 4) encourage positive behaviour through

verbal prompts and suggestions tailored to individual needs.

Voice interactions with conversational technology could also offer valuable insights into sub-
jective perceptions of health and well-being, user concerns, and cognitive status, which are

overlooked by passive monitoring technologies alone.

The following chapter investigates the use of spoken language — which could be collected reg-

ularly using conversational Al at home — for automated assessment of cognitive health.
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Chapter 4

Predictive Modelling of Cognitive Health
from Spoken Language

This chapter evaluates predictive models for automated assessment of cognitive health
from spoken language, with a unique focus on clinical applicability. Using a benchmark
DementiaBank speech dataset (N=291), interpretable ML techniques were evaluated
for ADRD detection in binary classification and cognitive state prediction via Mini-
Mental State Examination (MMSE) scores from spoken language during a picture
description task. To validate model generalisability, a pilot study was conducted with
speech data collected in-residence from older adults (N=22). By identifying the linguis-
tic features most strongly predictive of cognitive decline and performing risk stratifica-
tion, the interpretability and clinical utility of model predictions were enhanced. The
proposed predictive modelling approach shows promise for real-world integration with
in-home conversational technology to monitor and assess cognitive health, enabling

earlier detection of higher-risk individuals and timely intervention.

The work presented in this chapter was submitted to Nature Communications Medicine (under

review).
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4.1 Overview

This study explored predictive models for automated assessment of cognitive health from
speech and language with a focus on clinical applicability. The analysis included ADRD detec-
tion in binary classification and prediction of cognitive performance via MIMSE scores to assess
the severity of cognitive decline. The predictive modelling approach used spontaneous speech
recordings from two DementiaBank datasets for training and testing (N=291) [157]. These

were obtained from a picture description task during NPT.

To assess model generalisability in real-world settings, a separate pilot study is presented
with speech data collected from older adults living in retirement homes (N=22). Acoustic
and linguistic features were extracted using both conventional and deep learning approaches,
including LLMs. For feature selection, interpretability was prioritised to inform clinicians of
changes in language patterns that indicate cognitive decline, and accessibility for efficient

scalable real-world application.

The final model incorporated 100 NLP-based lexical features. The linguistic features most
predictive of ADRD risk were identified and thresholds for risk stratification were evaluated,
aiming to optimise healthcare resource allocation by identifying higher-risk individuals. The

contributions of this work are described below.

Contributions:

1. Assessment of the clinical applicability of cognitive health predictive modelling from

spoken language and validation of model generalisability in a real-world context.
2. Insights that inform clinicians of linguistic features associated with higher ADRD risk.

3. Demonstrated potential for integration of the ML approach with in-home conversa-

tional technology for accessible, long-term monitoring of cognitive health.

Ethics Approval: The pilot study data collection was approved by the University of Southern
California Institutional Review Board (IRB) UP-24-00154 (see Appendix A6).

Code Availability: The code used in this study is publicly available (https://github.com/

mariarlima).
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4.2 Background

4.2.1 Cognitive Health Screening

There is a pressing need for accurate, accessible, and cost-effective diagnostic methods for
the early detection of cognitive decline. Dementia is typically diagnosed years after symptom
onset, missing a crucial therapeutic window of intervention that is becoming increasingly im-
portant with the recent emergence of anti-amyloid drugs [173]. Traditional ADRD diagnostic
methods rely on identifying fluid biomarkers such as Tau and -amyloid related proteins, or
neuroimaging techniques such as positron emission tomography (PET) and magnetic res-
onance imaging (MRI) [225]. While informative, these techniques are invasive, expensive,
and inaccessible for scalable population screening [138]. Furthermore, brain imaging is useful
only after signs of neurodegeneration manifest, further limiting the therapeutic window of
opportunity. Administering NPT through an in-person interview remains the primary method
to evaluate cognitive functions, including attention, memory, language, and visuospatial abil-
ities. However, NPT are limited by clinician availability, are often qualitative in nature, and
are susceptible to errors and high inter-rater variability. Furthermore, results can be affected
by non-cognitive factors (such as mood disorders and fatigue) and expertise is required when

interpreting the results to avoid false-positive diagnoses [67].

4.2.2 Voice Biomarkers

The use of digital voice biomarkers presents a scalable, non-invasive, ecologically valid and
cost-effective solution for assessing and monitoring cognitive health. Changes in acoustic and
linguistic characteristics have been linked to cognitive decline, including slower speech rate,
more disfluencies (e.g., frequent pauses, hesitations, repetitions), reduced noun use, and in-
creased use of pronouns, verbs, and adjectives [78, 105, 151, 247]. Neuroimaging studies also
indicated that semantic fluency and naming performance correlate with neurodegeneration in

the temporal and parietal lobes [258], areas commonly affected in AD.

The Alzheimer's Dementia Recognition through Spontaneous Speech only (ADReSSo) chal-
lenge has been proposed for systematic comparison of ML approaches for AD detection and
severity prediction using spontaneous speech data from the Cookie Theft picture descrip-
tion task from the Boston Diagnostic Aphasia Examination (BDAE) [88]. The challenge
baseline [157] achieved an accuracy of 64.8% and 77.5% on the test set using a Support
Vector Machine (SVM) classifier on acoustic and linguistic features, respectively. Late fusion
improved the accuracy to 78.9%. Chen et al. [45] achieved an accuracy of 81.7% using a lo-
gistic regression model and modality fusion. Qiao et al. [201] reported 83.1% accuracy using
BERT, ensemble techniques, and additional disfluency features. More recently, Agbavor et
al. [3] applied GPT embeddings and reported an accuracy of 80.3% using an SVM model,

and showed that the embeddings outperformed conventional acoustic features.
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4.3 Methods

This section describes the speech datasets used for model training and evaluation, the ML
pipeline, methods for linguistic feature extraction, and the risk stratification approach to
further assist clinical decision-making. The following ADRD severity groups were considered
based on MIMSE scores according to the UK National Institute for Health and Care Excellence
dementia guidelines [250]: cognitively normal (CN) (26, 30], MCI (20, 26], moderate [10,

20], severe [0, 10) (following interval notation).

4.3.1 Research Questions

This research aimed to answer the following research questions:

o RQ1: How effective are ML models in detecting ADRD and predicting individual MMSE

scores on a benchmark DementiaBank dataset?
o RQ2: Does the ML approach generalise to real-world data collected in-residence?
o RQ3: How does risk stratification change model performance?

o RQ4: Which spoken language features are most strongly predictive of cognitive decline?

4.3.2 Speech Datasets

This research evaluated the effectiveness of various VI models using speech recordings from
DementiaBank (N=291) and validated model generalisability on an independently collected
speech dataset (N=22). Table 4.1 describes the demographic characteristics of each study

cohort used for training, testing and real-world pilot testing.

A. DementiaBank Data

The ADReSSo dataset from DementiaBank [157] was used to train and evaluate the ML
models. This dataset was selected because it includes spontaneous speech recordings pro-
duced by CN participants and people with an ADRD diagnosis, who were asked to describe
the Cookie Theft picture, a standard task of the BDAE [88] (see Appendix A4). The record-
ings were acoustically pre-processed with noise reduction and volume normalisation. This
dataset contained 237 speech samples (5 hours) with a 70:30 train-test ratio balanced for
demographics (see Table 4.2).

To verify the generalisability of the best-performing models for ADRD detection and MMSE
prediction, external validation was performed with two datasets beyond the ADReSSo held-
out set. The Lu corpus from DementiaBank was used as an external test set [127]. This
dataset comprised 54 speech samples (1 hour) from the same picture description task with

binary labels for CN participants and those with a ADRD diagnosis (see Table 4.2). Note
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Table 4.1: Demographic characteristics of the study cohorts. Mean (standard deviation (SD))
is reported for age and MMSE.

Training Test Additional Test Pilot Study
Total 166 71 54 22
Age (years) 68 (6.8) 67.3 (6.9) 79.3 (9.7) 76.2 (8.0)
Sex (% male) 34% 38% 41% 41%
MMSE 22.9 (7.0) 23.9 (6.6) - 24.9 (3.9)
Cognitive group 79 CN, 87 AD 35 CN, 36 AD 27 CN, 27 ADRD 8 CN, 14 MClI
Language All English All English All English 14 English, 8 Spanish

Table 4.2: DementiaBank datasets. Characteristics of participants in the ADReSSo training and
test datasets, as well as the Lu corpus. Note that the latter does not provide individual MMSE
scores.

ADReSSo train (N=166) ADReSSo test (N=71) Lu test (N=54)
Cognitive Group AD CN AD CN ADRD CN
Participants 87 79 36 35 27 27
Sex (% male) 33% 34% 39% 37% 48% 33%
Age 69.7 (6.8) 66 (6.3) 68.5(7.1) 66.1(6.5) 79.0(9) 79.7 (10.6)
MMSE 17.4 (5.3) 29 (1.2) 18.9 (5.8) 28.9 (1.3) - -

that the additional DementiaBank test set does not provide MIMSE scores, so this dataset

was not used for severity prediction modelling.

B. Pilot Study Data

Separately, an additional speech dataset was collected from 22 older adults (46 min) living
in retirement homes, who completed the same verbal picture description task. The dataset
included both English and Spanish speakers. Although participants did not have a dementia
diagnosis, they were grouped into two cognitive groups: CN and those with mild to moderate
cognitive impairment, using standard MIMSE cutoff of 26 as suggested in previous work [222].
Participants reported their races and ethnicities: 14 African-American, 7 white, 8 Hispanic
Latino; one participant did not disclose. This newly collected data in a real-world setting
is referred to as pilot study. The pilot study was approved by the University of Southern
California IRB UP-24-00154.

4.3.3 Acoustic and Linguistic Features

Acoustic and linguistic features were extracted using both NLP-based methods for inter-
pretable features and pre-trained deep learning models. Additionally, six multimodal feature
combinations were explored using early fusion methods [21]. The feature sets extracted were
used as input to various ML models, as illustrated in Figure 4.1. The ML pipeline for feature

extraction and predictive modelling is illustrated in Figure 4.2.

A. Acoustic Features

The extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) features were ex-
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Figure 4.1: Feature extraction from speech and language. Acoustic and linguistic features
were extracted using both conventional and pre-trained deep learning models.

tracted directly from open-source Speech and Music Interpretation by Large-space Extraction
(OpenSMILE) [71] with proven usefulness for paralinguistic acoustic feature extraction [70].
It consists of 88 features per speech sample, including frequency, spectral, and energy-related
parameters that capture various aspects of voice quality, prosody, and speech dynamics. Ad-
ditionally, three deep neural embeddings were used to extract feature representations from
audio data: wav2vec [19] using a vector size of 768, data2vec [18] using a vector size of 768,

and YAMNet!, which predicts audio events from 521 classes, using a vector size of 1024.

B. Linguistic Features

Transcripts were obtained from each audio file (i.e., one per participant) using OpenAl’s
Whisper [202] for automatic speech recognition (ASR). Given the high Spearman’s rank
correlation (mean r=0.98, SD=0.03, p<.05) between linguistic features manually transcribed
from participant-only and combined speaker data across the 237 DementiaBank audio files,
the remainder of the analysis proceeded without speaker diarisation. From the transcripts

obtained with ASR, linguistic features were extracted using two methods:

o Token embeddings, using transformer-based pre-trained language models to create a

1536-dimensional vector representation for each participant’s transcript;?
o NLP to extract lexical features based on domain knowledge.

The latter was used to train ML models with clinical applicability by providing interpretable
insights into the linguistic patterns that contribute to model predictions. This transparency

facilitates more informed decision-making by clinicians and increases confidence in the results.

IThe YAMNet model.
2We used OpenAl's GPT embeddings (text-embedding-3-small model).
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Figure 4.2: Proposed ML pipeline for cognitive health assessment. Analysis used for screening
of cognitive health and MMSE prediction from spoken language.

Five lexical diversity features were computed, including type-token ratio corrected for text
length, Brunet's index, Honore's index, propositional idea density, and consecutive duplicate
words (see details in Table 4.3). These were combined with semantic psycholinguistics features
extracted using Linguistic Inquiry and Word Count (LIWC)?, a method that counts words in
psychologically meaningful categories [193]. Previous studies using LIWC demonstrated its
ability to distinguish MCl and ADRD [16, 281], and loneliness among older adults [264].

After pre-processing and selection of LIVWC subcategories, a 100-dimensional vector was ex-
tracted from each participant’s transcript (see Table 4.3). To maintain consistency in linguistic
feature extraction, GPT-4o translation was applied to Spanish transcripts before extracting
English-based LIWC features, ensuring an end-to-end pipeline from data collection through

pre-processing to analysis.

4.3.4 Predictive Modelling

A. Machine Learning Models

The analysis involved an ADRD detection binary classification task and an MMSE severity
score regression task. For the first, the following models were tested for detecting ADRD from
spontaneous speech data: Logistic Regression (LR), SVM, Random Forest (RF), Multilayer
Perceptron (MLP), and Extreme Gradient Boosting Decision Tree (XGBoost). For the second

task, the following models were tested in predicting MMSE severity scores: Ridge Regression

3The LIWC-22 English-only dictionary was used, as it includes a more comprehensive and diverse vocab-
ulary compared to older multilingual versions.
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Table 4.3: NLP-based linguistic features extracted for predictive modelling. Description
of the lexical diversity and semantic psycholinguistics features extracted, along with references to
studies that have explored these features for MCIl and ADRD detection.

Features Description

Lexical diversity (N=5)

Type-token ratio The ratio of unique words (types) to total words (tokens) in a transcript,
adjusted for text length. Lower values indicate less diverse vocabulary usage
and less lexical richness [32, 34].

Brunet's index A measure of lexical richness based on the variation in word types (part-
of-speech) relative to the total word count. Lower values indicate higher
lexical richness [32, 34, 181, 281].

Honore's index A measure of lexical richness that establishes the number of words used
only once by the participant as a proportion of the total number of words
used. This statistic is based on the notion that the larger the number of
words used by a speaker that occur only once, known as hapax legomena,
the richer the lexicon. Higher Honore's index values reflect richer vocabu-
lary used by the participant [32, 34, 78, 181, 281].

Propositional idea density The number of distinct propositions (facts or notions) divided by the total
word count, measuring semantic complexity. In this metric, propositions
correspond to verbs, adjectives, adverbs, prepositions, and conjunctions.
Nouns are not considered propositions, as the main verb and all its argu-
ments count as one proposition. Lower values suggest simpler language,
whil]e higher values reflect a greater number of ideas in a concise form [68,
214].

Consecutive duplicate words The proportion of duplicated words or terms with reference to the total
number of words as a measure of repetitiveness [281].

Semantic psycholinguistics (N=95)

LIWC Different categories are extracted using the LIWC-22 Dictionary, including:
word count, summary language variables (e.g., analytical thinking, clout,
authenticity, and emotional tone), general descriptor categories (words per
sentence, percent of target words captured by the dictionary, and percent
of words in the text that are longer than six letters), standard linguistic
dimensions Hje.g., percentage of words in the text that are pronouns, ar-
ticles, adverbs, verbs), word categories tapping psychological constructs
(e.g., affect, cognition, biological processes, drives) personal concern cat-
egories (e.g., home, leisure activities), informal language markers (assents,
fillers) [16, 281].

(RR), Support Vector Regression (SVR), Random Forest Regressor (RFR), MLP Regressor,
and XGBoost Regressor.

Hyperparameters were tuned using 10-fold cross-validation (CV), as detailed in Table 4.4.
Furthermore, the best model was evaluated on the ADReSSo held-out test set that was not
used during model development, as well as the real-world pilot dataset. Bootstrapping was
used to estimate performance variability on the test set with 10 bootstrap repeats, with each

run using a bootstrap sample of the training set to ensure reproducibility.

B. Evaluation Metrics

Classification performance was measured using sensitivity, specificity, receiver operating char-
acteristic area under the curve (ROC-AUC) and accuracy, as described below. Each metric
provides important information about the model's performance, and their combined use helps

provide a comprehensive picture of the model's predictive ability. Understanding these met-
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Table 4.4: ML models and parameters evaluated. Models used in ADRD binary classification
and MMSE prediction tasks. Hyperparameters were tuned using 10-fold CV.

Model Parameters

Classification task

LR L1 (Lasso) or L2 SRidge) regularisation: [10~5,102], solver: 'liblinear’ (more efficient
for small datasets) or 'saga’ (supports both penalties).

SVM Regularisation: [10~%,103], gamma: 'scale’, 'auto’, or [1075,1], kernel: 'linear’ or
"rbf’.

RF Gini entropy, estimators: [50,500], max depth: [3,20].

MLP Learning rate: 0.001,0.01}], activation: 'logistic’, batch sizes: [16,32,64,128,166]
(166 is the total number of recordings available for training), hidden layer size: 400,

L2 regularisation: [10~%,1073], stochastic gradient descent with adaptive learning
rate.

XGBoost Learning rate: [0.01,0.5], estimators: [50,500], max depth: [1,10], subsample ratio:
[0.01,0.99], L1 regularisation: [0, 0.001].

Regression task

RR L2 regularisation: [10—3,10].

SVR Regularisation: [1072,102%], gamma: 'scale’ or 'auto’, kernel: 'linear’ or 'rbf".

RFR Estimators: [50,200], max depth: [5,10], min samples split: [2,5], min samples per
leaf: [1,2].

MLP Regressor Learning rate: [10~2,101], batch sizes: [16,32], hidden layer size: optimised, L2

regularisation: [10~3,1072].
XGBoost Regressor Learning rate: [0.01,0.3], estimators: [50,200], max depth: [2, 6], subsample ratio:
0.5, column sample ratio: 0.5, L1 regularisation: [0, 1], gamma: [0,0.4].

rics can help healthcare providers to assess the reliability and usefulness of these models in

clinical practice.

ROC-AUC: summarises the model's performance across all classification thresholds by plotting
the true positive rate against the false positive rate. ROC-AUC was selected as the primary
evaluation metric as it is based on the predicted probability scores, providing a comprehensive
assessment of the model's ability to distinguish true ADRD cases while minimising false

positives across all classification thresholds.

Sensitivity (and equivalently, recall): the proportion of true positive predictions among all
actual positive cases. It measures the model’s ability to correctly identify individuals who are
at risk of ADRD. A high sensitivity indicates that the model is effective at identifying true

positive cases.

TP

Sensitivity = m,

where TP, TN, FP, and FN refer to True Positives, True Negatives, False Positives, and False

Negatives, respectively.

Specificity: measures the model’s ability to correctly identify individuals who are not at risk
of ADRD. A high specificity indicates that the model is effective at identifying true negatives,

i.e., those who are not at risk.

TN

Specificity = FPETN
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Accuracy: The proportion of correct predictions among all cases, both true positives and

true negatives.

TP+ TN
TP+ TN+FP +FN

Accuracy =

Regression performance (MMSE prediction) was measured with mean absolute error (MAE)

and root mean square error (RMSE), as described below.

MAE: measures the average magnitude of the errors in the predictions. It is the average
absolute difference between the predicted and actual values. A lower MAE indicates better

predictive performance.
12 .
MAE = — Z |y'r': - ‘y'-'zlz'
N4
where y; is the actual value, ¥; is the predicted value, and n is the number of samples.

RMSE: the square root of the average of the squared differences between the predicted and
actual values. RMSE gives higher weight to larger errors, making it more sensitive to outliers
than MAE. A lower RMSE indicates a better fit to the data.

RMSE — J LS (- g2
n

i=1

C. Model Calibration and Reliability

The chosen RF-NLP model was verified to be well-calibrated (see Figure 4.3a). The perfor-
mance of the model using the best hyperparameters is reported by averaging the selected

evaluation metrics across all validation folds.

There was some variability in the calibration across the bootstrap runs, but the general trend
remained close to the diagonal, indicating that the model is fairly robust. The reliability
analysis showed that the risk scores can be considered reliable when considering both positive
and negative ADRD predictions together. This can be seen by observing the small gaps in
the top plot of Figure 4.3b and the distance between the average accuracy and average

confidence in the lower plot.

D. Model and Feature Selection

Each classifier was evaluated on the selected feature sets (acoustic, linguistic, and fusion,
as described in Section 4.3.3) and the model with the highest ROC-AUC on the validation
set was selected for further comparison. From this process, two models trained on linguistic
features were selected. From these two best-performing models, the one using lexical-based
NLP features was selected for final analysis due to its explainability and interpretability of

features for clinical utility.
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Figure 4.3: Model calibration and reliability plots. a) The calibration plot shows the mean
ADRD predicted risk against the proportion of positive cases for the best model, evaluated on the
test set. The 10 bootstrap runs are represented in lighter colour; b) The reliability plot. The top
shows the model confidence (for positive and negative ADRD cases) against accuracy on the test
set. The gap represents the difference between average accuracy and confidence per bin, with an
ideal gap of 0. The bottom shows a histogram of model confidence levels on the test set.

4.3.5 Risk Scores

To support clinical decision-making, risk scores from the best-performing model were strat-
ified into three ADRD risk groups: Green (low risk), Amber (medium risk), and Red (high
risk). The thresholds were determined via 10-fold stratified cross-validation on the validation
set. By varying the thresholds, the sensitivity and specificity for the different risk groups
can be balanced. The thresholds were varied with a resolution of 10%, and evaluated perfor-
mance metrics for the Green (positive prediction) and Red (negative prediction) groups on
the validation set. Following a selective classification approach [76], the Amber group was

excluded, assuming higher model uncertainty.

This approach aims to enhance clinical utility by prioritising more confident predictions in
the Green and Red groups, which can streamline triage processes and better inform clinical
decisions by identifying individuals at higher risk of ADRD. Given the small size of the dataset,
when similar results were obtained for different thresholds on the validation set, smaller

thresholds were selected to prevent overfitting.
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4.4 Results

4.4.1 Model Performance in ADRD Detection
The analysis presents the effectiveness of LR, SVM, RF, MLP, and XGBoost in detecting

ADRD from the extracted acoustic and linguistic features. Models trained with linguistic fea-
tures achieved higher performance than those using acoustic features for ADRD classification,
as described in Table 4.5. The best-performing model was MLP using GPT embeddings (re-
ferred to as MLP-GPT). However, the RF model of 50 decision trees with depths of 16 (chosen
through hyperparameter optimisation) using lexical-based features from NLP (referred to as
RF-NLP) achieved a comparative mean ROC-AUC on the validation set with only 4% lower
performance than MLP-GPT, whilst offering more interpretability and efficiency.

Furthermore, both models showed comparable performance in identifying true positive and
true negative cases on the benchmark DementiaBank test set. While the RF-NLP model
exhibited a higher number of false negatives compared to the MLP-GPT model (107 vs. 65
cases, as seen in Figure 4.4), its enhanced interpretability remains a key advantage. This is
partly explained by the RF-NLP model using a more compact (size 100) and interpretable
linguistic feature set compared to the GPT embeddings (see Section 4.3.3). Additionally,
this model does not require the use of pre-trained transformer-based models, which lack
explainability. These more explainable features could better inform clinicians of linguistic
changes indicative of cognitive deterioration. Therefore, considering the study focus on clinical

utility of digital cognitive health screening, the proceeding results are presented for the RF-

NLP model.

On the test set, the model achieved a ROC-AUC, the primary evaluation metric, of 85.7%
(95% confidence interval (C1)=83.8-87.6). This model performance is comparable to previ-
ous studies using the same dataset [3, 157, 201] and outperforms previous results based on
informative linguistic features [45]. Furthermore, while these previous studies reported per-
formance from a single run on the test set, the experiments in this analysis were performed
using 10 bootstrap repeats to ensure superior reproducibility. Previous studies focused on
accuracy as the main performance metric, whereas this study prioritised ROC-AUC since it
is based on predicted probability scores (instead of discrete class labels) and measures the

ability to classify true ADRD cases while minimising false positives.

A. Model Generalisation

To further assess model generalisation, the RF-NLP model was evaluated on an additional
DementiaBank dataset [127] never seen during model training and used only for a final
test. Results suggested good model generalisation on unseen data using the NLP features,

with a comparably high ROC-AUC of 84.6% (95% C|=82.8-86.4). Table 4.6 presents the

performance results on the validation and test data sets using NLP-based features.
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Table 4.5: Results of the feature sets tested for ADRD detection in binary classification.
Evaluation metrics include sensitivity, specificity, ROC-AUC and accuracy, reported as mean (SD)%
for the 10-fold CV. The bold row shows the chosen model for interpretable predictive modelling.

Feature Model Sensitivity Specificity ROC-AUC  Accuracy
Linguistic

NLP RF 78.8 (16.7) 721 (134) 835 ( 8.9) 753 ( 94)
GPT MLP 79.3 (13.5) 76.2 (18.1) 87.5( 7.7) T77.7 (12.3)
Acoustic

eGeMAPS LR 69.3 (11.7) 70.5(20.3) 73.1 (12.3) 69.8 ( 8.3)
wav2vec LR 781 ( 9.8) 67 (16.3) 78.6(11.1) 729 (10.2)
data2vec MLP 75.3 (14.5) 73 (16.5) 81.9 (13.0) T4.4 (12.3)
YAMNet SVM 72.8 (14.3) 69.6 (15.9) 77.5(12.4) 71.1(11.2)
Fusion

eGeMAPS + NLP LR 72.4 (10.6) 76.2 (18.1) 77.4 (104) 74.1( 9.1)
eGeMAPS + GPT LR 76.0 (12.0) 86.2 (13.1) 87.1 ( 8.3) 80.7 (10.7)

data2vec + NLP  XGBoost 83.8 ( 7.9) 78.6 (11.1) 87.4(10.3) 813 ( 6.9)
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Figure 4.4: Confusion matrices for the best-performing models in ADRD detection. The
total number of true positives (ADRD) and true negatives (CN) are shown. The RF-NLP model,
while slightly less accurate, offers greater interpretability of linguistic features, making it more
suitable for clinical settings.

Table 4.6: Model performance in binary classification using interpretable linguistic fea-
tures. Classification results of the best-performing model RF-NLP using interpretable linguistic
features. Evaluation metrics include sensitivity, specificityy, ROC-AUC and accuracy, reported as
mean (SD)% for the 10-fold CV, and as mean (95% Cl)% for the test sets (benchmark Dementia-
Bank, external test set from DementiaBank, and the pilot dataset) with 10 bootstrap repeats.

Sensitivity Specificity ROC-AUC Accuracy
Validation 78.8 (16.7) 72.1 (13.4) 83.5 (8.9) 75.3 (9.4)
Test 69.4 (66.4 —72.5) 83.3 (78.0—88.7) 85.7 (83.8 —87.6) 76.5 (744 —T78.6

) ) ) )
External Test 80 (77.2 —82.8) 74.1 (69.6—78.6) 84.6 (82.8—86.4) 77 (74.6 — 79.5)
Pilot Study  70.0 (58.0 —82.0) 52.5 (39.3—65.7) 65.4 (54.9—70.1) 63.6 (54.7 — 72.6)
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Table 4.7: Model performance on demographic group splits. Mean (95% CI)% accuracy of
the RF-NLP model for the female/male and age groups on the test set with 10 bootstrap repeats.
The likelihood of a positive ADRD prediction for each demographic is also presented, along with
the proportion of positive and negative labels on the test set.

Split Total Accuracy P(§= 1| Demographic) Pos : Neg
Female 44 76.4 (74.6 — 78.1) 42.3 (38.6 — 46.0) 1:1.1
Male 27 76.7 (72.2— 81.2) 43.3 (37.9 — 48.8) 1:0.9
50 — 59 years 14 83.6 (78.2— 89.0) 42.1 (34.7 — 49.5) 1:1.3
60 — 69 years 27 75.9 (72.6 — 79.3) 37.4 (31.5 —43.3) 1:1.2
70 — 80 years 30 73.7 (71.0— 76.3) 47.7 (44.7 — 50.7) 1:0.8
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Figure 4.5: Predicted positive cases per cognitive group. The RF-NLP model predicted proba-
bilities for ADRD detection. The total number of samples per cognitive group (CN, mild, moderate,
severe, based on MMSE) is shown considering the values from 10 bootstrap repeats. Lower MMSE
values reflect worse cognition.

B. Demographic Parity

The model performance on different demographic groups was evaluated based on sex (female,
male), and age (50-59, 60-69, 70-80 years). To do this, the predictions obtained by the
proposed model were split (with thresholds of >50%=Positive and <50%=Negative) on
the test set by demographic group and the mean accuracy and SD for each group were
calculated. These results, along with the number of participants in each demographic group
and binary label proportions, are shown in Table 4.7. The likelihood of a positive prediction
across demographics does not show high variations, even with an imbalance in the number

of participants of the younger group.

Furthermore, Table 4.7 shows that participants in the oldest age group (70-80 years) have a
higher likelihood of a positive ADRD prediction than the younger groups. Overall, this analysis
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Table 4.8: Model performance on MMSE group splits. Mean (95% Cl)% accuracy of the
RE-NLP model for the MMSE groups on the test set with 10 bootstrap repeats. The likelihood of
a positive ADRD prediction for each group is also presented. Note that the test set included only
two participants with MMSE scores in the severe group, which explains the metrics obtained.

Cogpnitive Group Total Accuracy P(g= 1| MMSE)
CN 36 81.9 (76.8 —87.1)  20.8 (15.0 — 26.6)
Mild 11 482 (43.8—52.6) 39.1 (34.7—43.5)
Moderate 21 78.6 (73.7—83.5) 78.6 (73.7 — 83.5)
Severe 2 100 100
100
Metric
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80 FP
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g 4 [ ]
20
o |
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Figure 4.6: Distribution of model predictions for MMSE groups. TP, TN, FP, and FN refer
to True Positives, True Negatives, False Positives, and False Negatives, respectively.

suggested that the RF-NLP model is a fair classifier, demonstrating high demographic parity.*

4.4.2 Correlation with Cognitive Scores

Figure 4.5 demonstrates that the worse the cognitive impairment, the higher the ADRD
predicted positive probability of the RF-NLP model. Although the classifier was trained with
binary labels (i.e., not based on severity), the predicted probabilities obtained were correlated
with cognitive impairment as measured by MMSE. This property of the modelling approach
was particularly interesting as it demonstrates that the model is well-calibrated with both the
risk of dementia and its severity without it being explicitly trained on the latter. Furthermore,
the model demonstrated lower confidence and higher variability in its predictions for the
MCI group. This is anticipated because individuals with MCl exhibit more subtle changes in

language [109], increasing model uncertainty in distinguishing from CN individuals.

Model performance was further evaluated on different cognitive groups based on participants’
MMSE scores (see Table 4.8). Results showed that the higher the cognitive impairment
(lower MMSE score), the higher the likelihood of a positive ADRD prediction of the RF

“Measuring fairness (https://pair.withgoogle.com/explorables/measuring-fairness/).
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Figure 4.7: Risk level distribution by MMSE scores. Distribution of the Green, Amber and Red
risk groups across each MIMSE score on the test set for the RF model using explainable linguistic
features. The prediction results are reported considering 10 bootstrap repeats.

model trained on NLP-based linguistic features. This finding supports Figure 4.5, which
shows that the model is more confident (i.e., makes fewer mistakes) for the moderate and
severe cognitive impairment groups compared to the mild and CN. Additionally, Figure 4.6
shows that the number of true positives increases for participants with moderate cognitive
impairment compared to mild, while the number of true negatives is the highest for the CN
group. This supports the previous finding that the model is well-calibrated with both the risk

of dementia and its severity, despite not being explicitly trained on the latter.

4.4.3 Risk Analysis

To improve model flexibility and clinical applicability, risk thresholds were calculated on the
validation set that represent minimal (Green), medium (Amber), and high (Red) risk of ADRD
(see details in Section 4.3.5). Thresholds were selected as [0%, 45%)], (45%, 65%], and (65%,

100%)] (following interval notation) for Green, Amber, and Red risk groups, respectively.

Figure 4.7 shows the distribution of ADRD risk levels for each MMSE score on the test
set. Furthermore, grouping the predictions of Red and Green risk levels following a selective
classification approach [76] enhanced model performance to a ROC-AUC of 88.7% (95%
C1=86.2-91.2) sensitivity of 67.6% (95% C|=62.1-73.2) specificity of 96.7% (95% C|=93.3-
100) and accuracy of 83.6% (95% C1=80.6-86.5) on the test set. Of particular note, when
excluding the Amber risk group, the model better captured true negative cases (i.e., CN).
Such risk analysis approach can be beneficial for triaging in a clinical context. By categorising
patients into different risk groups based on their use of language, clinicians can prioritise those

who require immediate attention and further diagnostic workup. This method allows for a
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Figure 4.8: SHAP results. The feature importance for the top 12 most important features on
the test set and their corresponding feature values from the RF-NLP model. Lower SHAP values
suggest reduced risk of ADRD. The colour represents the normalised feature value, and the position
in the x-axis represents the contribution that value made to the prediction.

more efficient allocation of medical resources, ensuring that higher-risk individuals receive

timely intervention.

4.4.4 VLinguistic Feature Importance

The most important features influencing predictions were evaluated using SHapley Additive
exPlanations (SHAP) [156]. This method calculates the contributions of individual features
to risk scores, providing explainable predictions. The SHAP results on the test set can be

seen in Figure 4.8.

This analysis indicated that lower ADRD risk (i.e., true negative cases) was associated with
higher levels of analytical thinking, higher lexical diversity (as measured by type-token ration),
more frequent use of fulfill words (i.e., words expressing satisfaction or completion, indicating
higher semantic complexity), greater average words per sentence and more frequent refer-
ences to family-related words. Conversely, SHAP analysis indicated that more frequent use of
pronouns, particularly impersonal pronouns (e.g., 'that’, "it", 'this’), as well as adverbs (e.g.,
'there’, 'so’, "just’), higher disfluency, and notably increased use of assent words (e.g., 'yeah’,
'ok’, 'yes'), contributed to higher ADRD risk (i.e., true positive cases). Additionally, lower
Honore's index values — indicative of reduced vocabulary richness and increased repetitiveness
— were linked with higher ADRD risk predictions.

The increased reference to family-related words by CN participants suggests greater cog-

nitive inference ability and more detail provided in picture descriptions.”> Furthermore, the

®Note the Cookie Theft picture illustrates family activities in a kitchen setting (see Appendix A4).
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Figure 4.9: Feature importance results for individual predictions. SHAP values of a single
prediction shows how each feature contributed to individual predictions based on SHAP values:
a) a correct positive prediction (i.e., risk of ADRD) with a high risk score of 91% (participant in
the moderate group, MMSE=13); b) a correct positive prediction with a lower risk score of 54%
(participant in the mild group, MMSE=25); c) a correct negative prediction (i.e., CN) with a risk
score of 12% (participant in the CN group, MMSE=29); d) a correct negative prediction with lower
confidence and a risk score of 29% (participant in the CN group, MMSE=2T7); Here, the values on
the arrows represent the normalised feature value in standard deviations from the mean.

increased frequency of pronoun and adverb usage among participants with greater cognitive
impairment may suggest difficulty in retrieving specific terms, relying on a more restricted
and less diverse vocabulary to describe the scene. This could also be indicative of prolonged
cognitive processing times, increased hesitations, word-finding difficulty and reduced linguistic

complexity.

Single predictions can also be evaluated to understand contributions to a specific risk score
(see Figure 4.9).This visualisation can enable clinicians to explore the factors behind each
model prediction. For example, Figure 4.8a shows an example of a correct positive prediction
with 91% risk driven by lower analytical thinking, more frequent impersonal pronouns and
overall linguistic variables, and decreased use of fulfill words. Furthermore, Figure 4.9c shows
a correct negative prediction (i.e., participant belongs to the CN group) with a predicted
risk of 12%. Significant contributors to this prediction include frequent references to family
and lifestyle, higher levels of analytical thinking, and less frequent use of pronouns and other

linguistic variables.
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Table 4.9: MMSE prediction results for the 10-fold CV.MAE and RMSE results of the five
regression models evaluated, reported as mean (SD) for the 10-fold CV.

Model MAE RMSE
RFR 4.8 (0.5) 5.9 (0.7)
XGBoost 4.8 (0.5) 5.9 (0.8)
SVR 5.3 (0.9) 6.4 (1.2)
RR 6.0 (1.2) 7.5 (1.3)
MLP 6.6 (1.7) 8.3 (1.8)

Table 4.10: Severity prediction results using the best-performing RFR-NLP model. Evalu-
ation metrics include MAE and RMSE, reported as mean (SD) for the 10-fold CV, and as mean
(95% CI) for the test set with 10 bootstrap repeats.

MAE RMSE
Validation 4.8 (0.5) 5.9 (0.7)
Test 3.7(3.7—38) 47 (46 —-48)
Pilot study 3.3 (3.1 —3.5) 4.2 (3.9—4.4)
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Figure 4.10: Model performance in individual MMSE score prediction. Predicted MMSE
versus true MMSE for each participant on the test set. The error bars represent the SD of the
values from the 10 bootstrap repeats for each participant.

4.4.5 Model Performance in Severity Prediction

The analysis presents the effectiveness of RR, SVR, RFR, MLP Regressor, and XGBoost
Regressor in predicting MIMSE scores. Results showed the best-performing model using NLP
features was RFR (referred to as RFR-NLP) with a minimum of two samples per leaf chosen
through hyperparameter optimisation (see Table 4.9). This model achieved a MAE of 3.7
(95% C1=3.7-3.8) on the test set (see Table 4.10).

Figure 4.10 shows the absolute error per individual prediction on the benchmark Demen-

tiaBank test set, categorised by participants across different cognitive groups. Additionally,
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Severe Moderate Mild CN
Cognitive Groups

Figure 4.11: Model performance in MMSE prediction across cognitive groups. Average MAE
for predictions on the test set with 10 bootstrap repeats. The error intervals represent the SD of
the values from the bootstrap repeats.

Table 4.11: Participant word transcription proportion by cognitive group. Results are reported
as mean (SD)% for transcripts analysed on the test set.

CN Mild Moderate Severe
Word proportion (%) 91.1(15.2) 84.7(13.8) 73.5(17.6) 40.6(29.4)

Figure 4.11 illustrates the average MAE per cognitive group on the same test set, showing

all predictions with 10 bootstrap repeats.

The model showed better predictive power for higher MIMSE scores, which could be due to the
uneven distribution of the available data, with severe cognitive impairment representing only
5.7% of the test set. The higher MAE observed for the severe cases could also be attributed
to noise on the linguistic features used by the ML model for predictions. Notably, there was
a moderate positive correlation (Spearman’s rank 7 = 0.53, p < .05) between the propor-
tion of participant-only transcribed speech and MMSE scores, indicating that those with
worse cognition required more intervention from the administrator during the task. Particu-
larly, participants in the moderate and severe cognitive groups, with lower mean participant
transcription word proportion of 73.5% and 40.6%, respectively, received more frequent in-
tervention from the administrator (e.g., "What else is going on?"”, "Can you tell me what else
is going on in that picture?”) (see Table 4.11). This increased administrator input introduced
noise into the linguistic features used by the ML model for predictions, which could explain

the higher MAE obtained in MIMSE prediction for the severe group.
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4.4.6 Real-World Pilot Study

The analysis was extended to an independently collected speech data, applying the model
without re-training, to assess the generalisability and applicability of the ML approach in a
real-world context. Multilingual speech samples were collected from 22 older adults living in
retirement homes who completed the same picture description task in English or Spanish (see
details in Table 4.1). The RF-NLP model achieved a ROC-AUC of 65.4% (95% Cl=54.7-
72.6) on this new dataset, as reported in Table 4.6. Although this classification performance
is lower than that observed in the two benchmark DementiaBank test sets used, particularly
on the ability to detect true negatives (i.e., Specificity), it shows promise for the predictive
modelling approach as a complementary tool to inform clinicians about higher risk of cognitive

decline from speech data collected in real-world settings.

The lower model performance observed on this pilot dataset may be attributed to the predom-
inance of participants in the mild and CN cognitive groups (see details in Table 4.1). These
groups generally exhibited lower predicted probabilities for distinguishing cognitive impair-
ment (see Figure 4.5), so their higher representation in the pilot dataset likely contributed to
this effect.

Using the same risk thresholds (see Section 4.3.5) and grouping predictions of Red and
Green levels enhanced model performance to ROC-AUC of 67.3% (95% C1=61.4-73.1) and
Accuracy of 60% (95% C|=51.5-68.5), with higher Specificity of 73.5% (95% Cl=55.4-91.6)
at the expense of lower Sensitivity of 53% (95% C|=37.4-68.7).

Additionally, when predicting MIMSE scores (severity prediction), the RFR-NLP model achieved
a MAE of 3.3 (95% Cl=3.1-3.5), improving results from those obtained on the test set.
Despite the small sample size, this pilot study underscored the potential of using linguistic
features from spoken language transcripts obtained from spontaneous speech (e.g., picture de-
scriptions) as indicators of cognitive state and automated screening of cognitive impairment,

even when collected in real-world settings beyond clinics, such as retirement homes.
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4.5 Discussion

This chapter presented an explainable ML pipeline for automated assessment of cognitive
health and ADRD severity prediction via MMSE scores from spoken language, with a focus
on clinical applicability. This section summarises the main findings of the chapter and their
implications for future research towards automated cognitive assessment and monitoring in

real-world settings beyond clinics.

A. Summary of Findings

This study used a benchmark DementiaBank dataset (N=291) obtained during verbal picture
descriptions in NPT. To validate model generalisability, a separate real-world pilot study with
multilingual speech data were collected in-residence from 22 older adults. ML models were
trained on various acoustic and linguistic features, extracted using conventional methods
based on domain knowledge and transformer-based pre-trained language models. This study
focused on clinical applicability, therefore the following factors were prioritised in the anal-
ysis: 1) feature interpretability to inform clinicians of changes in spoken language patterns
that indicate cognitive decline; 2) accessibility for efficient in-residence data collection. The
final model incorporated 100 NLP-based features — including lexical diversity and semantic

psycholinguistic features — extracted from individual transcripts obtained through ASR.

Al. ML models trained on interpretable linguistic features effectively identified ADRD and
predicted individual MMSE scores on a benchmark DementiaBank dataset, demonstrating

generalisability in a real-world setting.

The best-performing RF-NLP model achieved a ROC-AUC of 85.7 (95% CI=83.8-87.6) on
the test set (N=71) in ADRD detection. ROC-AUC was selected as the primary evalua-
tion metric to assess the model's ability to classify true ADRD cases while minimising false
positives. On the unseen pilot dataset (N=22), the model achieved a lower ROC-AUC of
65.4 (95% CI=54.9-70.1), though the sensitivity was maintained (70% vs. 69.4% in the
DementiaBank test set). It is important to note that the main clinical utility of using voice
and spoken language as a biomarker lies in the ability for early screening, making sensitivity
an important metric for correctly identifying individuals at risk. However, other steps should
be taken to minimise the burden and effect of false positives. For example, as demonstrated
with the DementiaBank data, using more structured assessments (e.g. describing a picture)

could be used to improve the specificity of the model as a second-tier screening.

The pilot data included 22 individuals with a mean MMSE of 24.9 (see Table 4.1), with most
participants in the MCl and CN groups. The higher proportion of these participants likely
contributed to model uncertainty, as individuals in these groups often exhibit less pronounced
changes in language [109], making it more difficult for the model to distinguish between

cognitive groups.
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Furthermore, a RFR achieved a MAE of 3.7 (95% Cl=3.7-3.8) on MMSE prediction, out-
performing previous results using the same DementiaBank dataset [3, 157]. The model then
achieved a comparable MAE of 3.3 (95% CI=3.1-3.5) on the pilot dataset, demonstrating
its generalisability and real-world applicability. This result is particularly interesting given that
the model is trained only on the DementiaBank dataset, and is exclusively used for predicting
cognitive state through MIMSE scores on the pilot dataset. This suggests that the model
has captured transferable knowledge and could operate as an out-of-the-box solution without

requiring retraining.

A2. Risk stratification enhanced the identification of higher-risk individuals and clinical ap-

plicability of the ML approach.

Identification of risk groups aimed for the effective management of high-risk alerts (Red) by
identifying people with increased risk of cognitive deterioration while minimising false alerts.
Risk stratification resulted in improved model performance considering the low-risk (Green)
and high-risk (Red) groups, evidenced by an increase in ROC-AUC, with a notable 13%
increase in specificity on the test set. Similarly, on the pilot dataset, the analysis led to a higher
ROC-AUC and a 21% increase in specificity at the expense of reduced sensitivity. Although
the small size of the training dataset limits broader conclusions on clinical effectiveness, this
risk stratification analysis offers a comprehensive approach to selective classification, which
had not been previously explored in the context of ADRD screening from spoken language.
This approach is proposed for future studies with larger cohorts as a way to alert clinicians to
people with increased risk, enhance resource allocation, ultimately enabling more personalised

and timely interventions.

A3. Feature importance analysis revealed the language patterns most strongly predictive of

cognitive decline.

Feature importance analysis enhanced the interpretation and clinical applicability of the pro-
posed ML pipeline by identifying the linguistic features most strongly predictive of ADRD risk.
The findings revealed that increased reliance on pronouns, particularly impersonal pronouns
(e.g., 'that’, "it", 'this’), greater disfluency, particularly with assent words (e.g., 'yeah’, 'ok’,
'ves'), and lower lexical diversity with repetitive language all contributed to higher ADRD
risk, in line with previous literature [32, 175, 181, 267]. The frequent use of pronouns and
assent words likely indicates empty, vague, or non-specific speech, a known characteristic of

cognitive decline [93].

The results showed that language associated with reduced analytical thinking, decreased use
of words reflecting a psychological state of completion (e.g., 'enough’, 'full’, 'complete’), and
higher use of adverbs (e.g., "there’, 'so’, 'just’) contributed to positive predictions. These
findings suggest that participants with ADRD exhibit a decline in words reflecting cognitive

processes related to structured and logical thinking. Words related to psychological com-
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pletion, which typically indicate higher semantic complexity, were less common, potentially
reflecting difficulties in articulating complete thoughts. Additionally, the results showed that
longer sentences and more frequent references to family were associated with lower ADRD
risk (i.e., true negative cases). These findings suggest that CN participants tended to provide
more detailed and contextually rich descriptions of the Cookie Theft picture with greater
inferences regarding relationships. Further investigation by language and cognition experts is

needed to generalise these findings.

B. Spoken Language as a Biomarker for Automated Screening of Cognitive Health

The monitoring of cognitive health is essential for early screening and timely intervention, both
clinically and in daily care. The 2024 report of the Lancet Commission on dementia prevention,
treatment, and care [153] emphasises the importance of timely diagnosis in supporting the
well-being of PLWD and their families, facilitating access to services, and ensuring that

individuals can benefit from treatments when they are most likely to be effective.

There is hope for disease-modifying treatments for early-stage AD, with recent trials of
amyloid--targeting antibodies showing modest efficacy, creating a clear therapeutic window
of opportunity for intervention, before which adequate diagnosis should be made [233, 254].
Additionally, timely assessment can help reduce unnecessary hospitalisations and improve
overall dementia care. The report also highlights the growing role of mobile and wearable
devices in detecting neurodegeneration, given their widespread use and ability to continuously

monitor physical and cognitive changes.

The use of digital voice biomarkers for early ADRD screening has gained attention in the re-
search community, driven by the need for scalable, non-invasive, and cost-effective solutions.
Alterations in lexical and semantic content, syntactic complexity, and fluency can be predic-
tors of cognitive changes linked to ADRD, even before clinical signs of neurodegeneration
emerge [4, 77]. The proposed interpretable predictive modelling approach could be integrated
with home-based conversational Al. With consistent use, these technologies hold potential to
become accessible and personalised tools that could ultimately track the trajectory of cog-
nitive status over time through spoken language, alerting clinicians to individuals who may
need more comprehensive diagnostic evaluation. Integrating additional in-home behavioural
data, comorbidities, and individual health events such as hospitalisations or infections [38,

148], could further improve prediction performance and enhance clinical applicability.

C. Limitations and Future Work

This study includes limitations that point toward future research directions. The use of ASR
systems, such as OpenAl's Whisper [202], introduces transcription errors, particularly for
participants with severe cognitive impairment and higher speech disfluency. While ASR can

affect the extraction of linguistic features, this was an intentional design choice to assess
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the feasibility of automated screening of cognitive health in real-world settings where human
annotation is impractical. The quality of the DementiaBank audio data used for training can

also impact the accuracy of linguistic and acoustic features extracted for model development.

Cogpnitive screening tools developed primarily in white, English-speaking populations may not
generalise well to more diverse populations due to differences in education and cultural back-
grounds [174]. Although the pilot study contained 36% of speech recordings in Spanish (see
Table 4.1), to improve the generalisability of the findings, future studies should include larger,
more culturally diverse populations and explore predictive linguistic features in languages be-
yond English. Additionally, speaker diarisation was not performed. Despite testing existing
systems to integrate with the end-to-end pipeline for automated analysis, they proved unre-
liable in separating participant and administrator speech. However, when inspecting manual
transcriptions from DementiaBank, a high correlation was found between linguistic features
obtained from participant-only transcriptions and those that also included short segments of
administrator speech, which justified the decision. Furthermore, the rate of participant-only
transcribed speech was correlated with the MMSE scores, with participants in the moderate
and severe cognitive groups receiving more intervention from the administrator, which intro-
duced noise into the linguistic features used by the ML model for predictions. As automatic
speaker diarisation techniques improve, incorporating this pre-processing step could enhance

future analysis.

This study evaluated ML models for automated screening of cognitive impairment using
acoustic and linguistic features, as well as feature combinations using early fusion meth-
ods. The most clinically interpretable feature sets and their corresponding best-performing
models were selected for further analysis. Future work could conduct an ablation study to
assess how each feature contributes to model performance by systematically removing specific
acoustic or linguistic features and observing the impact on performance. This fine-grained
approach could further exclude less important features from predictions, reducing overfitting

and ultimately enhancing model performance and interpretability.

Future studies could integrate additional predictive features, such as age, gender, education,
and family history of dementia, which could improve models for ADRD screening and severity
prediction. Moving beyond binary classification by including MCl or other neurodegenerative
disorders as prediction classes would also expand the scope and utility of this analysis. More-
over, the acoustic and linguistic features were extracted from spontaneous speech during a
picture description, a standardised cognitive task. While standardised tasks provide a replica-
ble framework and facilitate benchmarking comparisons, future work could combine features
extracted from unstructured speech interactions, such as natural conversations with conver-
sational Al. Longitudinal data collection using these technologies could advance scalable and

accessible screening tools for earlier detection of cognitive decline.
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4.6 Summary

This chapter evaluated the use of spoken language as a biomarker for automated assessment of
cognitive health. An interpretable ML approach was introduced to evaluate the effectiveness
in detecting ADRD in binary classification and predicting the severity of cognitive decline via

MMSE scores.

Speech recordings from a benchmark DementiaBank dataset (N=291) were used for model
training and testing with 100 NLP-based interpretable features extracted from transcripts.
This research demonstrated the generalisability and applicability of the ML approach on a
real-world dataset collected in-residence (N=22). In cognitive impairment detection, the best-
performing model achieved a ROC-AUC of 85.7% (95% C|=83.8-87.6) on the benchmark
DementiaBank test set and 65.4% (95% CI=54.9-70.1) on the real-world data. In MMSE
prediction, a MAE of 3.7 (95% C|=3.7-3.8) was achieved, with a comparable performance
of 3.3 (95% C1=3.1-3.5) on the pilot data.

By evaluating thresholds for risk stratification — an approach that had not been explored
previously in the context of automated ADRD screening — this analysis enhanced the clinical
utility of model predictions, aiming to optimise healthcare resource allocation by identifying
higher-risk individuals. Additionally, this research provided insights that inform clinicians of
linguistic features associated with higher ADRD risk, including: reduced analytical thinking,
increased reliance on pronouns and adverbs, greater disfluency, lower lexical diversity and

reduced use of words reflecting a psychological state of completion.

The proposed ML approach shows promise for real-world integration with in-home conversa-
tional technology for accessible and scalable monitoring of cognitive health. Such an approach
could facilitate earlier detection and timely intervention. However, to realise this potential,
further research is needed to address the feasibility of in-home use, long-term user engage-
ment and technology acceptance. The following chapter investigates these factors through

comprehensive user studies and stakeholder engagement.
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Chapter 5

Robot Evaluation and User Engagement in
Real-World Settings

This chapter presents three user studies conducted in the UK, India and the USA,
involving a total of N=111 stakeholders — older adults, PLWD, carers, clinicians and
dementia care professionals — to evaluate user engagement, acceptance, and the fea-
sibility of using conversational Al and SARs in residential settings. The chapter aims
to explore the perceived benefits and concerns of using conversational Al to support
well-being at home, offering insights for long-term user engagement and appropriate
home integration. Study 1 explores the role of conversational Al at home through
participatory workshops. Study 2 describes a cultural feasibility study in India. Finally,
Study 3 presents the design and evaluation of an LLM-powered SAR for in-residence

cognitive support through human-robot verbal dialogue.

The work presented in this chapter resulted in the following contributions:

o Study 1 was published and presented in oral form at the IEEE International Conference
on Robot and Human Interactive Communication (RO-MAN), 2023 [145], and the
Companion of the ACM/IEEE International Conference on Human-Robot Interaction,
2024 [144].

o Study 2 was published in Frontiers in Robotics and Al, 2021 [150], the American
Journal of Geriatric Psychiatry, 2021 [176], and was submitted to Innovation in Aging

(under review).

o Study 3 was accepted for publication and oral presentation at the ACM CHI Conference
on Human Factors in Computing Systems, 2025 [146].
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5.1 Study 1:
The Role of Conversational Al in Dementia Care at Home

This study used a community-based participatory approach to involve people with lived expe-
rience of dementia and frailty. Three participatory workshops were conducted, including group
activities and prototype testing of voice-based HRI. The activities encouraged stakeholders to
think critically about technology features and use case scenarios of support that are suitable,
acceptable, and desirable for long-term utility in dementia care at home. The contributions

of this study are described below.

Contributions:

1. Expert-informed insights on the role of conversational Al in supporting healthy ageing

and dementia care at home.

2. Design guidelines on the feasibility for long-term adoption and appropriate integration

of conversational Al in the daily lives of target populations.

Ethics Approval: The study was conducted under the UK DRI-CR& T's initiatives for patient

and public involvement and engagement (PPIE).

5.1.1 Background

Human-centred design methods are key to developing useful and acceptable conversational
Al applications for long-term use by target populations [187]. These methods involve par-
ticipatory design and community-based research, including PPIE [251, 263], to gain in-
sights into stakeholders’ attitudes and perceptions towards adopting the technology. This
can help identify the perceived benefits, barriers and concerns for the specific support con-
text, which can further be translated into the conceptualisation of new design features and
guidelines [185].

Despite increasing interest in conversational Al in healthcare applications, there is a lack of
studies that involve stakeholders to explore real use cases of support, preferences, and de-
sired technology features to guide the development of useful and accessible conversational
technology for dementia care at home. Further community-focused research is needed to un-
derstand the role of conversational Al in supporting people affected by dementia, particularly

in promoting independence and well-being at home.

5.1.2 Methods

This study followed human-centred design methods to involve a range of stakeholders —

PLWD, carers, family members, and older adults with mild to moderate frailty — in the

scoping of this technology. Through participatory design activities, participants were invited
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to share their preferences, expectations, and concerns for home-based conversational agents
to ensure the technology is designed to meet end-user needs. Discussions focused on the
usefulness of use case scenarios within the context of dementia care, the role of technology
and its desired interactive features, the benefits for end-users, as well as barriers that would

inhibit the adoption of this technology.

5.1.2.1 Research Questions

This research was guided by the following questions:

o RQ1: How can conversational technology support people affected by dementia at home?

o RQ2: How do stakeholders conceptualise conversational technology now and in the

future?

o RQ3: What are the perceived benefits and barriers to the adoption of conversational

technology at home?

5.1.2.2 Participants

Three PPIE workshops were conducted with 20 stakeholders recruited through community
groups and local day centres. In the first workshop, participants had direct experience caring
for individuals affected by dementia (N=9, mean age=63, SD=9.6, 9 females, P1 to P9). The
second involved older adults with age-related health needs (N=3, mean age=65, SD=6.9, 1
female, P10 to P12). Participants in the third workshop were older adults living with dementia
and/or mild to moderate frailty (N=8, mean age=74, SD=7.4, 3 females, P13 to P20). All
workshops took place in London, two at the DRI-CR&T and one at an Age UK day centre

for older people in South London.

Participants were generally familiar with existing commercial examples of voice technology,
such as Siri, Amazon Alexa, and Google Home, but had little to no experience using voice
technology. Furthermore, some participants (N=8) were part of the cohort involved in the
long-term data collection of in-home activity using remote monitoring devices and Amazon
Alexa (see Chapter 3). Upon providing informed consent, learning about the purpose of the
workshop, and having an opportunity to ask questions, participants engaged in participatory

design activities in groups of three or four.

5.1.2.3 Participatory Workshops

Each PPIE workshop lasted three hours and was carried out following PPIE practice guide-
lines [251]. The activities and discussions were structured into the following categories: 1)
technology role, 2) technology features, 3) imagining in daily life, 4) benefits and opportuni-
ties, 5) barriers to use and concerns. Group activities were designed to explore stakeholders'

views and preferences on different functionalities and features of the technology, as detailed in
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Table 5.1: Scenarios and prompts used in participatory workshops.

Category Scenarios and prompts

Technology role Support
Monitor
Alert
Remind
Entertain
Inform

Technology features  Multimodality
Embodiment
Mobility
Personalization

Imagining in daily life Location in the house
Portability
Proactivity
Smart home integration

Table 5.1. Figure 5.1 shows participants engaging in the workshops. Each group had a facili-
tator to moderate discussions and record participants’ perspectives. To explore the perceived
benefits and barriers to technology adoption, the facilitator led the group through reflective

open-ended questions to encourage further discussion.

Six contextual scenarios of interaction were selected to explore the role of the technology
at home: offer verbal support in ADLs (e.g., taking vitals); monitor health and wellbeing
(e.g., daily questionnaire); trigger alerts to the carer (e.g., upon a detected change in sleep
patterns); set reminders (e.g., medication); entertain (e.g., play music or engage users in
conversation); inform (e.g., tell the news or events of the day). The scenarios were reviewed
by an occupational therapist to ensure that they were appropriate and useful for discussion
with the target population. Each scenario was presented on printed cards with dialogue that
simulated interactions (Figure 5.1c). These cards included a persona example and a prompt
for the interaction, either user-initiated or automatic. Participants read each of the scenarios
interactively before proceeding with the remaining activities. This helped contextualise the

breadth of applications this technology can have in dementia care.

Participants tried out two demos of conversational agents: Amazon Alexa through an Alexa
skill prototype developed for this study that provided verbal assistance in taking a blood pres-
sure reading from a smart monitor (see Figure 5.1d), and a virtual affective robot capable of
showing eight facial expressions (based on previous affective robotics work [150])*. The robot

was integrated with a bespoke conversational agent® that asked well-being questions.

INote that details on the robot are provided in Study 2 (see Section 5.2).
2Rasa, an open source conversational Al platform, was used for implementation (https://rasa.com/).
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=

Figure 5.1: Activities, material and demos used in the participatory workshops. a) and b)
stakeholders engaging in participatory activities; c) dialogue cards designed to simulate HRI support
scenarios; d) a participant interacting with a conversational agent prototype that provides verbal
and visual guidance for taking a blood pressure reading. Photos used with consent.

A grounded theory approach was used for thematic analysis [43] to identify the emerging
themes reflecting stakeholders' perspectives. Two researchers independently coded the infor-
mation gathered during the workshops. Additionally, participants completed a questionnaire
to evaluate individual preferences for technology capabilities such as adaptation over time,

emotion recognition, integration with home activities, data collection and access.

5.1.3 Results

The diversity of experiences in ageing and dementia care encouraged participants to share
valuable insights on how conversational technology may effectively support people affected by
dementia in their homes. The participatory activities focused on the scenarios and prompts
described in Table 5.1 along with open discussions on the perceived benefits and barriers.
The analysis revealed three themes: 1) the perceived role and useful support scenarios for
dementia care, 2) preferences for technology features and interaction capabilities promoting

home support, and 3) feasibility considerations for long-term adoption.

5.1.3.1 Perceived Utility for Home Support

Participants discussed use case scenarios for conversational technology in the context of

supporting people affected by dementia at home (Table 5.1). Three primary roles were iden-
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tified: helping PLWD remain independent for longer, particularly by supporting daily function;
increasing safety at home, particularly by mitigating risk; and enhancing cognitive engage-
ment. These roles were seen as particularly important given that target populations may be
at increased risk of accidents and behavioural changes as daily tasks become increasingly

challenging.
A. Supporting Daily Function

Overall, participants conceptualised conversational agents as valuable interactive tools to
stimulate action by giving automatic prompts. Supporting target users in carrying out ADLs
was perceived as a useful scenario of support. Participants suggested this could be achieved
by sending reminders of daily tasks, providing verbal instructional guidance when needed, and
suggesting actions, “l would find it useful if it reminds me of events like 'you have a hospital
appointment today’, | currently have posters all over my kitchen” (P16, older adult who lives
alone). A particular focus was placed on the usefulness of reminders for routine management
and medication tracking. Participants felt that this could support independence and help to

alleviate the burden placed on carers.

Furthermore, they stressed reminders and other prompts should be personalised to the user's
needs and preferences for increased engagement. The ability to track cognitive decline and
dementia progression was suggested as a promising technology feature. However, there were
some concerns regarding the accuracy of this approach when the technology is not used

consistently.
B. Monitoring and Mitigating Risk

The usefulness of integrating voice technology with other devices or home activities was high-
lighted, particularly to trigger alerts that might support or manage risk and safety at home.
Overall, a monitoring system was suggested, which would include alerts automatically sent
to the carer, “a way to watch the individual whilst the carer is elsewhere [for safeguarding]”
(P8, carer). Several participants discussed the ability to act upon falls at home by calling
emergency care or friends and family, for which the portability and hands-free nature of the

technology was suggested as a key feature to enable timely and effective responses.

Furthermore, emphasis was placed on the potential for the technology to reduce episodes of
acute care (such as in the event of a fall) by promptly addressing the user’s verbal concerns,
questions or commands. Participants also suggested using the technology to regularly check
on individuals recovering from hospital admissions. As one participant noted, "after I've had
a seizure [. .. ] | wouldn't be able to use a phone or click a pendant alarm. Having something
you could just ask to call an ambulance would be incredibly helpful and likely save people.”
(P12, older adult with epilepsy). Keeping a record of health events in the house and sharing

it with healthcare providers were deemed beneficial, “it would provide me peace of mind”
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(P12), as was using the technology as an alternative careline service. Participants referred
to other valuable home integration examples, such as alerting carers when the oven is left on

or encouraging users to maintain nutrition and hydration.
C. Enhancing Cognitive Engagement

Discussions indicated the strong potential to encourage individuals to engage in positive ac-
tivities that may benefit their well-being. Carers with experience using smart speakers valued

their entertainment capabilities (e.g., playing music and audiobooks, hearing the news).

Participants recognised the potential for cognitive stimulation through the use of quiz games
and engaging in conversations about topics of interest, which was seen as beneficial for sus-
taining interaction, " [conversational technology| gives them the sense of a companion, makes
them feel that somebody cares” (P4, carer). Importantly, it was noted the technology should
use the context and content of previous interactions to provide support in a personalised
way. Furthermore, participants remarked conversational Al should respect end-users and not
infantilise them, "[Giving reminders and providing support in ADLs could be useful] as long
as it does not make me feel like an idiot” (P17, PLWD), which could compromise autonomy

and independence, “It could make me reverse back to being too needy” (P18, PLWD).

5.1.3.2 Robot Design Preferences

As part of exploring stakeholders’ preferences on technology features, the activities prompted
people to consider how they might want to interact with the technology in their homes. This
process involved assessing the appeal of screen-based interactions, embodiment and facial

expressions.

A. Modes of Interaction

A key takeaway was that regardless of its interaction capabilities, the technology should
be simple and easy to use. While voice was the preferred interaction mode, participants
acknowledged the supportive role of a screen for visual prompts, such as images, weather
updates, diary reminders, or video tutorials for assistance in ADLs (e.g., how to take a blood
pressure reading). The screen could also increase accessibility, “It could make the technology

more accessible for people with hearing aids” (P8).

Discussions with carers were held regarding whether screens might add another layer of
complexity to the interaction for PLWD. It was acknowledged, however, that future older
generations will become more familiar with screens and technology in general. Many (not all)
of the participants were open to the idea of having a face that could show facial expressions.
Some suggested this might “add a friendly face to a robot voice"” (P5, carer), deliver a “more
engaging, comforting, and relatable experience” (P6, carer), and in some cases “could make

people more responsive” (P7, family member). A participant further suggested the potential
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impact on mood, “You might be miserable, and if it starts smiling at you, it could lift up your
mood” (P16). However, discussions indicated the preference for an affective robot would
be influenced by its visual design and cultural context. Uncertainty and fear were expressed

towards human-like features, and participants generally preferred a cartoon-like face.

B. Imagining in Daily Life

The insights indicated that the location of the technology in the house plays an important
role in user acceptance and that the technology's intended purpose should drive its location,
appearance, and interactive features. Participants expressed reservations about the technol-
ogy being in the bathroom or bedroom due to privacy concerns. However, when discussing
the technology being used to support safety at home, participants’ perspectives changed, “If
it was part of an emergency support system, you'd want to make sure you have coverage
everywhere in the home” (P20, older adult). They would want to verbally access the tech-
nology or have it integrated with the home environment to access help if they slipped in the

shower or had a fall in the bedroom.

Discreet integration into the home environment was further suggested. When asked about
mobility, a general preference for a static location and/or portability was expressed with
the ability to "hear” from multiple places in the house (e.g., both upstairs and downstairs).
Having a robot move around the house was often referred to as “scary”. However, participants
expressed the technology shouldn't have to be wearable to function, as this would create an
additional barrier to adoption. Furthermore, even if static, embodiment was viewed as a
potential driver of engagement, particularly as a “way to take the scariness of a voice coming

out of nowhere” (P4, carer).

C. Communication Style

Participants emphasized the need for thoughtful language, tone, and personalisation when
designing conversational agents for people affected by dementia. Discussions uncovered mixed
perceptions towards empathetic interactions. There was an overall preference for a conversa-
tional agent that is task-based and practical rather than one that transmits false empathy. For
instance, expressions such as "I'm glad that..." were perceived as disingenuous, emphasising
the need to design conversational agents that communicate in a way that is genuine and au-
thentic to avoid unmet expectations. Others valued an encouraging, softly spoken interaction
style to maintain user comfort and independence. As one participant pointed out, “[current
voice] technology is pretty brusque” (P17). Interestingly, carers generally favoured the first
perception, while PL\WWD and older adults typically preferred the second. These differing (and
occasionally conflicting) perspectives align with previous studies on robots for dementia care

[135, 265).
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Additionally, participants pointed out that care should be taken with open-ended questions.
While recognizing that these have the potential to spark engagement, they could also generate
anxiety among PLWD, “They may not know what to say, they may think they forgot about
something and feel stressed” (P6). Instead, they advocated for an instructional tone and
noted older adults often respond well to clear instructions. For instance, rather than asking,
"Would you like me to remind you?", the conversational agent should state, "lt's time to
take your medication”. Discussions also indicated that continuous prompting may leave users
feeling coerced into performing a particular task, undermining their sense of autonomy, “/t

can be frightening that you have to do it, that it prompts you all the time" (P16).

D. Home Integration

Participants agreed that conversational technology should adapt to users’ changing needs
and learn home routines for proactive support (Figure 5.2a). Perceptions varied on the value
of detecting emotions through voice. While some viewed it as a useful feature to detect
mood and potentially flag changes, others expressed reluctance for such a human-like feature
and noted that emotions could easily be assessed incorrectly in the situation of multiple
people interacting with the technology. Despite mixed views, the feature was generally viewed

favourably.

Participants explored options for selecting data captured by other home sensors and devices
to provide personalised assistance, particularly in a smart home context (Figure 5.2b). Vital
signs and sleep patterns were the most selected sources of data (selected by 88% and 82%
of respondents, respectively). Capturing motion around the house and kitchen habits were

also perceived as relevant (selected by 71% and 59% of respondents, respectively).

Participants also described their preferences for sharing data collected from interactions with
conversational Al and other devices for home activity monitoring (Figure 5.2-c). Most partic-
ipants (88%) were comfortable sharing data with healthcare professionals. This was followed
by academic researchers (65%), and family members and carers (59% each). Participants
felt less comfortable sharing data with friends and ‘big tech’ companies, such as Amazon or

Google.

5.1.3.3 Perceived Barriers to Adoption

Discussions highlighted practical factors that could inhibit the long-term adoption of tech-
nology by target populations.

A. Familiarity and Anticipation

Discussions revealed the challenge of introducing voice technology to current older genera-

tions, who may see the technology as beneficial but do not feel ready to start using it due
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Figure 5.2: Stakeholder preferences for conversational Al features and support functions. a)
conversational Al features surveyed, including adaptation to user needs and preferences over time,
routine learning, emotion understanding, and data collection for support; b) types of data collected
at home; c) data sharing.

to unfamiliarity, “/ would not be ready for that yet. If | become ready it could become an
asset” (P17). Participants remarked that this challenge is likely to change in the future as
upcoming generations become more familiar with voice technology. Participants suggested
introducing the technology early in the disease and implementing a training period could help

to prevent confusion or discomfort.

B. Cost and Accessibility

The cost of the technology was identified as a major barrier to adoption. Further accessi-
bility concerns arose during discussions around the implementation of an loT ecosystem to
integrate conversational Al technology with other home devices. For instance, the setup and
technology maintenance could create a reliance on the carer. Additionally, some participants
were concerned about connectivity, specifically the overreliance on Wi-Fi, which, if failing to
work, could prevent alerts from being triggered in the event of an emergency, posing po-
tential safety risks. As one of the most beneficial roles identified for long-term support was

interconnecting with health services, the latter was found to be a priority barrier to overcome.

C. Fear and Mistrust

Trust emerged as a significant barrier to the adoption of conversational technology among
target populations. Participants expressed concerns about the technology potentially collect-
ing private or sensitive data, such as financial conversations or even 'spying’ on people. Such
mistrustful attitudes were often shaped by media coverage and stories heard from others and
further amplified by a general lack of knowledge of the technology's capabilities and pur-
pose. Discussions indicated a common concern of not being able to control the technology
if something goes wrong, including deactivating it if needed, which could hinder its adoption

in the future.

Participants further remarked on the need for transparency regarding the technology's actions

and capabilities to avoid confusion and mistrust, for instance, by verbally reminding the user
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of what it can do to assist them. It was suggested that target users are more likely to accept

and feel comfortable using Al if they have a clear understanding of what it offers.

D. Autonomy

Participants showed receptiveness towards the idea of the technology being proactive in
reaching out to users (e.g., for monitoring purposes through the use of automatic verbal
prompts with information or alerts). However, discussions indicated that the frequency and
communication style (i.e., language, tone) of such prompts may come across as intrusive. It
was suggested that the user or their carer should have the option to choose their preferred
prompts and respective timings to ensure that the interaction remains comfortable and non-
intrusive, "l want to be in control, | don't want to be said and led all the time” (P17). It
was also noted that hearing a voice coming unexpectedly could be frightening, particularly
when a person is alone at home, and that promoting familiarity with the technology and its

capabilities would be crucial to avoid such a scenario.

5.1.4 Discussion

Based on the perspectives and experiences shared by stakeholders, this study presents guide-
lines for designing conversational agents to effectively support healthy ageing and people
affected by dementia in their home environments. These guidelines, along with their impli-

cations for long-term engagement and usability, are discussed below.

Guideline 1: Introduce the technology early by implementing a training period.

The findings indicated that general unfamiliarity with technology, particularly among the cur-
rent older generation, inhibits long-term adoption and acceptance of conversational agents.
It is important to introduce voice technology as early as possible (in the early stages of de-
mentia) and provide a training period to promote familiarity with its features and capabilities,

this way preventing confusion or discomfort.

Guideline 2: Integrate conversational Al with home monitoring technologies to support

independence and safety.

Functions that support independence and safety at home and help alleviate the burden placed
on carers were identified as particularly beneficial and should be explored further. These in-
clude reminders for routines or medication tracking and prompts for daily activities. Applica-
tions of the technology should leverage the benefits of hands-free and portable communication
in scenarios where voice may be the only form of communication to enhance safety. When
integrated with other home monitoring technologies, conversational agents hold strong po-
tential to monitor health and well-being and act upon changes in behaviour detected from
household activities (such as a fall or lack of kitchen activity in the morning). The con-

versational agent could directly query users to verify symptoms, provide verbal support by
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suggesting relevant actions, and inform carers when needed. The ability to manage risk at
home and reduce episodes of acute care was viewed as highly beneficial in dementia care.
Stakeholders emphasized the promise of using conversational Al to track cognitive decline and
dementia progression. Further investigations on the feasibility and reliability of this promising

support avenue are warranted.

Guideline 3: Adapt interactions and support to the user's changing needs.

Designing voice interactions for PLWD is a complex task. Adaptation to the user's needs
and cognitive skills throughout the dementia journey was found to be critical. Therefore,
interactions with conversational Al should adapt to diverse paths of cognitive ageing, ensuring
appropriate support is provided. Furthermore, technology should adapt to different levels of
user familiarity and have the capacity to change with the lives of its users. This includes
people needing less support as they become more confident using the technology, needing
more support as their condition progresses, or changing primary users due to the carer taking
on more responsibility as the condition progresses. Additionally, conversational agents should
provide users with control and choice over when and how they interact with the technology
to promote interactions that are comfortable and non-intrusive. Overall, this is consistent

with previous HRI studies suggesting adaptation to user needs as a key design feature [13,
169, 170].

Guideline 4: Ensure transparency of the robot's functions, data collection and access to

address privacy concerns.

Insights from participatory workshops indicated that clear communication about the tech-
nology's capabilities and limitations is paramount to ensure user comfort and trust. Users
should have control over what data is collected from conversational technology and other
home monitoring devices. They should be educated on why it is being collected, who has
access to it, and how their data is protected to mitigate potential ethical concerns regarding
data privacy. Moreover, if the technology is used to detect emotional cues such as mood, it is
crucial to be transparent about this feature and provide users with control over its activation.
Additionally, as LLMs reshape contextual open dialogue, the potential risks, including the
spread of misinformation or biases, should be addressed early in the HRI design process with

end-user involvement.

Guideline 5: Take careful consideration of interaction style and the use of open-ended

questions.

Stakeholders stressed the importance of supporting human interaction rather than replacing
it. The language and tone used in HRI emerged as key design features to consider for user
acceptance and engagement. This work suggested that interactions should be designed using

language that is task-based and practical while avoiding a false sense of empathy. Regardless
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of its modes of interaction, the conversational agent should communicate in a way that is

authentic to what it is and the support it is aimed at providing.

Although engaging target populations in verbal conversations was generally perceived as
beneficial to enhance cognitive skills, a key takeaway from the study was that it is important
not to overuse open-ended questions, as these can generate anxiety among PLWD, who may
hesitate or struggle to come up with an answer. The insights indicated that balancing open-
ended questions with structured ones and providing relevant prompts and cues contribute
to improved engagement. Additionally, the communication should be encouraging while
respecting users and avoiding any form of infantilisation that may compromise their autonomy.
This study highlighted that interactions should be designed using appropriate language and
tone to be 1) effective in providing support, 2) engaging, and 3) respectful of users.

Guideline 6: Technology features and interaction capabilities should support its function.

Ensuring that the technology's design features and interaction capabilities align with its
intended support function (e.g., provide support in ADLs, mitigate safety risks at home,
stimulate cognitive engagement) is key to promoting user acceptance. The design of interac-
tive features should prioritise ease of use by minimising the steps required for user interaction
without compromising the intended support function. The study revealed that incorporating

multimodal interaction capabilities (beyond voice) can improve user engagement.

Discussions uncovered mixed perceptions about adding an affective face to robotic technology.
Screen-based interactions and embodiment, however, were viewed positively, as they help
users understand where audio and voices originate. Nonetheless, care should be taken when
adding physical attributes to ensure that they minimise any barriers for users, including cost,

accessibility, and intrusiveness in their private space.

Guideline 7: Design for accessibility.

Discussions revealed that cost is a major barrier to technology adoption. Therefore, in the
iterative design and deployment process, it is crucial to consider how the cost might exclude
potential users. This includes both the cost of the technology and the necessary infrastructure
for its intended function. This is particularly important when integrating with other smart
home monitoring technologies. Adequate support must also be provided to end-users to

troubleshoot potential connectivity or operational issues.

Moreover, interactive features of the technology must be designed to be accessible and
tailored to different user needs, including physical, sensory, and cognitive abilities. The use of
a screen, for instance, was perceived as useful to support voice interaction by providing visual
prompts. Furthermore, greater cultural diversity would be important in exploring issues around
challenges of English as a second language with cognitive decline and assessing culturally

relevant attitudes toward conversational technologies and data sharing.
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5.2 Study 2:
Cultural Feasibility in India

The challenge of dementia in India is particularly striking due to its vast population, rising
incidence rates, limited resources and clinician accessibility, and a staggering 90% gap in
diagnosis and care [62]. This research conducted a two-phase cultural feasibility study of
conversational robots in India, an under-represented cultural context in HRI| research. In the
first phase, a low-cost robotic platform that interacts through virtual facial expressions and
speech was designed and culturally validated with older adults (N=26) and PLWD (N=14)
in India, showing potential for remote cognitive engagement. In the second phase, this work
evaluated user engagement and acceptance of three conversational robots, assessing the
perceptions, preferences, and concerns of stakeholders (N=29). The contributions of this

study are described below.

Contributions:

1. Design and cultural validation of the first robot for dementia care in India, highlighting

its clinical potential for remote cognitive engagement.

2. ldentification of perceived user benefits for support, key design considerations and

feasibility challenges for deploying conversational robots for home support in India.

Ethics Approval: The study was approved by the Institutional Ethics Committee of the
Schizophrenia Research Foundation (SCARF) India.

5.2.1 Background

Involving stakeholders in research is critical for developing robots that are both acceptable and
perceived as useful over time [235] (as discussed in Section 2.1). This approach helps identify
the perceived benefits and barriers for the specific support context in the early HRI design
stages. However, few studies on robotics for dementia care have involved stakeholders [35,
83, 135, 169, 265] and none of these have addressed the cultural adaptation needed and the
feasibility challenges inhibiting real-world deployments in LMICs. Moreover, there is a lack
of studies exploring SARs for use in India, particularly to support older adults and PLWD.
Long-term robot acceptance and translation to real-world settings (i.e., homes, clinics) are
yet to be addressed. To the best of knowledge, no research to date has investigated the

cultural feasibility of conversational SARs for dementia care in India.

5.2.2 Methods

In the context of this study, cultural feasibility refers to the suitability and acceptance of SARs

to support dementia care within India’s cultural context. It encompasses exploring stakehold-
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ers’ perceptions and attitudes towards adopting the technology and identifying the barriers
needed to overcome for its culturally appropriate integration into everyday life. This two-
phase study involved people with lived experience of dementia in South India and assessed:
1) the cultural validation of a low-cost affective robotic platform; 1) engagement levels of
PLWD who interacted with three conversational robots, each displaying varying levels of
multimodality; 2) robot acceptance by PLWD and carers; and 3) the perceived utility and

cultural challenges to integrating this technology into real-world settings in India.

5.2.2.1 Research Questions

The study aimed to answer the following research questions:

o RQ1: Do stakeholders accept SARs for use in dementia care in India?
o RQ2: Do PLWD engage in verbal interactions with conversational robots?

o RQ3: What feasibility challenges need to be addressed for effective integration of SARs

for dementia care in India?

5.2.2.2 Participants and Setting

The study was conducted at the SCARF Centre for Active Ageing and the in-patient unit Sri
T S Santhanam Centre for Elderly Care in Chennai, India.

Phase 1. In the first phase of the study, a low-cost virtual affective robotic platform was
designed. The platform was validated with older adults (N=26) and PLWD (N=14) in India
to evaluate the robot's affective design and its potential for cognitive engagement. A pilot
feasibility study was conducted with one of the participants (67 years, male, vascular dementia
diagnosis), who engaged in three weekly 30-minute sessions of remote cognitive engagement

with the robot.

Phase 2. The second phase involved a complete group of stakeholders (N=29), includ-
ing PLWD (P, N=11, mean age=78.6, SD=9.0, 2 females), formal and informal carers (C,
N=11), and dementia care professionals (D, N=7). PLWD, often accompanied by a carer
and/or a family member, had a single session with three SARs in a quiet room. The recruit-
ment targeted individuals with lower levels of cognitive impairment and English proficiency®.
Two weeks prior to the study, the cognitive function of PLWD was evaluated using the
Alzheimer's Disease Assessment Scale-Cognitive Subscale (ADAS-Cog), a neuropsychological
assessment that measures the degree of cognitive impairment® [25] (mean ADAS-Cog=21.4,
SD=T7.1). All PLWD lived in urban settings and had an educational background (mean years
of education=13.2, SD=4.0). Most participants lived at home with their partner, two had

3The language criterion led to the uneven gender distribution in the participant cohort as in India, more
men from the current older generation acquired English as a second language.
4ADAS-Cog scores range from 0 to 70 points, with higher values indicating greater cognitive impairment.
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Figure 5.3: Affective robotic platform tested in India. a) robot virtual facial expressions based
on mathematical affect space mapping; b) robot-assisted cognitive engagement session. Photo used
with consent.

formal carers, and two were in-patient at SCARF. Generally, participants were unfamiliar with
voice technologies, and while three had heard of devices like Alexa, none had used them. Each
45-minute session included a semi-structured interview. Carers and dementia care profession-
als who observed the HRI sessions shared their insights on the perceived benefits and barriers
to technology use for dementia care in India. Upon providing informed consent, learning
about the study, and having the opportunity to ask questions, participants engaged verbally
with the three robots in English.

5.2.2.3 Robotic Platforms

Phase 1. A low-cost affective robot was designed, combining virtual facial expressions and
speech. The virtual robotic platform displayed eight facial expressions with four simple facial
features (eyebrows, eyelids, eyes, and lips), with 13 degrees of freedom and an optional 3D-
printed faceplate to convey realism and depth (see Figure 5.3a) [150]. The robot design is
based on mathematical affect space mapping, where the expression state, &(t), at any given

time, t, is defined as the weighted linear combination of a set of basis expressions,
B = {b1,bs,...,bn}

Each vector contains 13 values, one for each degree of freedom, and includes the expres-

sions:

B = {ghappy: Dead gangry; betern, gsurprised; gdisgusted: Dafraid, Drired }
The intensity vector @ = [wy,ws, ..., wy|T, where w; € [0,1], represents the contribution
of each expression, f_);v, to €(t). Thus, the expression state is the weighted sum of variances
of each expression's deviation from the neutral state, gN, added to the neutral state (time

notation is omitted for simplicity):

&=">"(b; — by)wi + by (5.1)

i=1
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The virtual robotic face was integrated with a cloud-based conversational Al system to enable
verbal interactions. However, this phase of the study focused on evaluating the platform as
a remote tool for cognitive engagement. To achieve this, a Wizard of Oz (WoZ) approach
was used, where a clinician remotely controlled the robot's expressions and communicated

with participants 'through’ the robot.

Phase 2. Participants engaged with three conversational robots, one at a time: a smart
speaker (R1), a virtual affective robot (R2), and an embodied social robot (R3), as shown in
Figure 5.4. The study aimed to understand how people perceived robot interaction modalities:
voice only, facial expressions added to voice, and embodiment added to voice and facial

display. HRI sessions were designed with this increasing level of multimodality in mind.

R1, an Amazon Alexa device, prompted users with a well-being questionnaire querying mood,
sleep, fatigue, anxiety, activity plans for the day, and a breakfast recall to trigger memory of a
recent event. This well-being questionnaire was adapted from the deployment study presented
in Chapter 3. Rl's interaction modes included speech and screen displays. To initiate the

questionnaire, participants used an invocation phrase, as instructed by the researcher.

R2 is a research platform developed based on the initial design of the affective robot platform
(see Phase 1). The robot's face was integrated with a bespoke conversational agent® designed
to assist in ADLs, offering support based on blood pressure readings. R2's interaction modes

combine a virtual affective face with speech.

R3 is the social robot Miko®, primarily designed for education. It displays facial expressions
through animated eyes and mouth, based on the previous affective robot design (see Phase
1) [262]. R3 had a cloud-based speech engine for verbal interaction. While R3 could move
autonomously, its motion was restricted for this study. Therefore, R3's interaction modes

extend R2's by adding embodiment.

5.2.2.4 Outcome Measures

Phase 1. The study validated the robot's affective design in focus group discussions and
piloted repeated sessions of robot-delivered remote cognitive engagement. Three weekly
sessions were used to acclimatise the participant to the robotic system and promote familiarity.
In each session, a trained psychologist recorded user engagement following the modified

version of the Observational Measure of Engagement (OME).

Phase 2. A psychologist assessed engagement and a researcher moderated the sessions,
which were video-recorded with consent. Data collection included direct observation of en-
gagement, video recordings for post-experiment analysis of engagement, a robot acceptance

questionnaire, and a semi-structured interview to explore the perceived benefits and barriers

Developed with Rasa, an open-source conversational Al platform (https://rasa.com/).
®Miko 3 robot (https://miko.ai/).
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facing the robots during the post-trial interview. Robots were presented individually during HRI to
minimise distractions. Three conversational robot platforms were used: the Amazon Alexa smart
speaker, an affective virtual robot, and an embodied robot. Photo used with consent.

to adoption in India.

A. Engagement Assessed On-Site

During HRI sessions, a trained psychologist recorded user engagement following the modified
version of the OME [53]. Five dimensions were considered: attention and attitude to stimulus,
both rated on a scale from 1 (very negative) to 7 (very positive) considering the average level
during HRI; cognitive difficulty with task rated on a scale from 1 (easy to interact) to 5 (very
challenging); frequency of disruptions or distractions rated on a scale from 0 (none) to 3

(during most or all HRI session). OME measures are detailed in Appendix Table A3.1.

B. Engagement Assessed from Video Analysis

A video coding protocol [110] was used to evaluate the emotional, visual, and verbal engage-
ment of participants with the robots. This method has been previously applied to evaluate
the engagement of PLWD interacting with SARs [115]. Engagement was measured as the
percentage of total HRI time during which a participant exhibited specific behaviours. Two
researchers independently analysed each video recording (Cohen's k=0.71, indicating good

agreement [52]).

The duration of positive (e.g., smiling, greeting the robot), negative (e.g., showing anger,
fear, sadness) or neutral emotional engagement was evaluated. Visual engagement included
being engaged with the robot (e.g., maintaining eye contact with the robot), the facilitator,
or not engaged. Furthermore, the duration of positive (e.g., actively responding to the robot's
statements) or negative (e.g., limited participation, repetitive answers) verbal engagement

during HRI was considered. Engagement metrics assessed from video analysis are detailed in

Appendix Table A3.2.
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C. Robot Acceptance and Cultural Feasibility

The experience with and acceptance of each robot was assessed using a questionnaire based
on the Almere model of technology acceptance, tailored for SARs in elder care [97]. This
method has been used in previous HRI studies with older adults [24, 115, 159, 246]. The
questionnaire comprised 11 questions spanning five constructs, each rated on a 5-point Likert
scale: 1) perceived sociability, 2) ease of use, 3) usefulness of each robot as an assistive tool,
4) anxiety when using the robot, and 5) trust in robots’ advice (refer to Appendix Table A3.3

for details). Participants shared their views on the three robots.

Additionally, a semi-structured interview was conducted to understand the preferences of
stakeholders for robot interactive modalities and the perceived benefits and barriers in the
cultural context of India. Thematic analysis methods [191] were used to identify the emerging
themes reflecting stakeholders’ attitudes towards using conversational robots for dementia
care in India. Interviews included perspectives from all stakeholders — PLWD, carers, family

members and dementia care professionals.

5.2.3 Results

This section presents findings from the two-phase study. The first phase validated a low-cost
virtual affective robot with older adults (N=26) and PL\WWD (N=14) and piloted three repeated
cognitive engagement sessions, providing a basis for the subsequent phase of the study. This
work further evaluated user engagement and acceptance of three conversational robots and

explored the cultural feasibility through interviews with stakeholders (N=29).

5.2.3.1 Human-Robot Engagement

Robot-Assisted Cognitive Engagement. The first phase of the study validated the initial
design of a virtual affective robot among stakeholders in India and assessed its feasibility for
cognitive engagement through three weekly pilot sessions, using a proposed infrastructure in
which a clinician communicated with the participant through the robot. Engagement with
the robot increased from 9 minutes in the first session to 18 minutes in the final session, and
no alterations in mood were verified, as assessed by the OME on-site (see details in Appendix
Table A3.4). The robot was deemed as a viable, low-cost tool for assisting clinicians in
cognitive engagement with older adults and PLWD, particularly in scenarios where in-person
sessions are inaccessible or impractical. Overall, this pilot experiment demonstrated the clinical
potential of robotic telemedicine in India. This provided a basis for the subsequent phase of

the study.

Behaviour observation. Of the 33 human-robot interactions in the second phase of the study
(three robots tested by each of the 11 PLWD from the stakeholder group), one was excluded
from analysis due to software issues with R2 during the session. Using the OME method,
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Table 5.2: Results of the OME engagement metrics for the three robots evaluated. The
engagement metrics include: attention (Al), attitude (A2), cognitive difficulty (CD), frequency of
disruptions (D1) and distractions (D2).

Metric Scale R1 R2 R3
Al 1—-7 5.1(0.9) 5.7(0.8) 5.6(0.9)
A2 1-7 5(1.0) 5.3 (1.1) 5.2(0.9)
CD 1-5 1.7(1.0) 1.8(1.1) 22(1.3)
D1 0—3 0.3(0.7) 0.3(0.7) 0.3(0.5)
D2 0—3 04(0.7) 04(0.7) 0.2(0.4)

five engagement metrics were compared for each robot, as observed by a trained psychologist
(see Table 5.2). The attention and attitude metrics were generally positive across all robots.
Higher mean scores for attention and attitude were observed for R2 (M 4,=5.7, M4,=5.3,
respectively, on a 7-point scale), followed by R3 (M4,=5.6, M4, 5.18) and R1 (M4,=5.1,
M 42=5). Furthermore, verbal interactions with R3 were deemed more cognitively challeng-
ing (Mcp=2.2 on a 5-point scale) compared to the other two robots (Mcp=1.8 for R2,
Mcp=1.7 for R1). Increased difficulty was observed when interacting with the embodied
robot R3, as participants needed to recall its invocation name for each query. This often
resulted in participants asking R3 a question without activating its listening mode. The other
OME dimensions were rated consistently for the three robots and no significance was found

in the dimensions analysed.

Video analysis. Emotional (positive, neutral, negative), verbal (positive, negative), and vi-
sual (engaged with the robot, engaged with the facilitator, not engaged) engagement were
evaluated from video recordings. Figure 5.5 shows the distribution of engagement metrics
across the cohort for each robot condition (R1, R2, R3). While no significant differences were
reported, variations and trends were observed at the cohort level. Positive emotional engage-
ment showed the greatest variability, with R1 having the highest median (74%), followed by
R3 (69%) and R2 (43%). Participants exhibited less positive (and more neutral) responses
with R2. Given the high OME attention scores, this suggests that while participants were
generally attentive to R2, they did not display positive reactions when interacting with the

affective virtual face.

Verbal engagement with all three robots remained high, with median positive verbal engage-
ment exceeding 94% of total HRI time. Participants were generally visually engaged with
the robots, maintaining attention and eye contact. Median values exceeded 89% of total
HRI time, with R1 eliciting a lower visual engagement overall. These findings showed that
participants positively engaged with the three conversational robots in verbal HRI, with no

significant differences in engagement based on robot interaction modalities.
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Figure 5.5: Emotional, verbal and visual engagement with the three conversational robots.
Distribution of engagement metrics assessed from video analysis across the cohort (represented as
% of total interaction time). Metrics with higher variations across robots were selected: positive
emotional, positive verbal, and visual engagement.

5.2.3.2 Robot Acceptance

PLWD (N=11) and carers (N=11) completed a post-trial questionnaire to assess robot ac-
ceptance and attitudes towards adopting conversational robots (see Section 5.2.2.4 C.).
Carers were asked to answer based on their HR| observations and how they envisioned the
technology in their care setting. Table 5.3 illustrates the descriptive statistics for each robot
condition and the reliability coefficient (Cronbach’s «) of the underlying constructs. Although

no significance was reported between the means of each construct, trends emerged.

In general, participants expressed positive attitudes towards the conversational robots. Per-
ceived sociability and usefulness had the highest means. This indicates that participants
viewed the robots as potential conversational partners and useful tools to support well-being
and independence at home. Particularly, 80% of the respondents agreed that Alexa (R1) could
improve social interaction skills, 78% agreed with the virtual affective robot (R2) and 65%
agreed with the embodied robot (R3) (see Figure 5.6a). Lower means were generally found
in the perceived ease of use (see Table 5.3), as participants noted they were not ready to use
such systems independently due to unfamiliarity with voice technologies: 50% of respondents
felt they could not interact with R1 or R2 independently, and 40% reported the same about
the embodied social robot R3 (see Figure 5.6b). The subdimension anxiety (reverse-scored
in Table 5.3) showed low means for all robots, indicating that PLWD and carers did not find
the robots intimidating. Furthermore, the majority expressed trust in following the robots'
suggestions or action prompts (see Figure 5.6c), with 65% of respondents agreeing with R3,

61% with R2 and 50% with R1.
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Figure 5.6: Perceived sociability, ease of use and trust for each robot evaluated. Distribution
of responses from the acceptance questionnaire by robot condition for: a) sociability, b) ease of
use, and c) trust.

Table 5.3: Results from robot acceptance questionnaires. Results of robot acceptance spanning
five constructs rated on a b-point Likert scale. Cronbach's & was computed as a reliability measure
of the underlying constructs. Note that the anxiety construct is reverse-scored.

Construct R1 R2 R3 «
Sociability 3.9 (1.1) 4.1 (1.2) 38(14) 1
Ease ofuse 3 (1.8) 29(1.6) 3(15) 1
Usefulness 3.9 (1.1) 4.1 (1.1) 3.9 (1.0) 1
Anxiety 1.9 (1.3) 1.8(1.3) 1.8(1.4) 09
Trust 3.5 (0.9) 3.7 (1.0) 3.7(1.0) 08

5.2.3.3 Feasibility and Perceived Utility in India

This study explored the perceived benefits and barriers to using SARs for dementia care in
India, involving a complete stakeholder group (PLWD, formal and informal carers, and de-
mentia care professionals). Three themes were identified from interviews: 1) valuable support
scenarios to promote dementia care in home and clinical settings, 2) preferences for robot

interactive modalities and 3) cultural factors affecting feasibility in India.

A. Support Scenarios

Support routine at home. One of the most widely reported benefits of conversational technol-
ogy was the ability to learn and support routines at home. Emphasis was placed on providing
personalised reminders for daily tasks, including medication and medical appointments, and
monitoring the completion of ADLs as people become more forgetful, “I tend to be forgetful,
it would be good to have a robot that remembers what | have to do and reminds me at the
appropriate time” (P3). Additionally, robots proved beneficial in monitoring behaviour and
alerting carers of agitation, restlessness, wandering or falls, “It could inform someone where |
am if | fall” (P3), while offering verbal support to the user in the occurrence of such events,
“It is more voice to give advice” (C1). The kitchen was particularly mentioned as a place
where a robot could check and alert users of appliances left turned on. Yet, participants ex-
pressed reservations about the potential intrusiveness of adding monitoring devices at home

and their associated costs.
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Help with loneliness. Participants remarked conversational Al could help alleviate loneliness
by providing companionship, entertainment, or answering repetitive questions, “[...] he is
alone most times and would feel like somebody is talking to him” (C4). This was noted to
ease the load on carers, "Because he is always lonely and | am always busy [a conversational
robot] can help in our daily life” (C4). It was further suggested that having a robot at home
could foster family connections, “I could bring the grandchildren and connect better with
them” (P5), and daily motivation, “[the robot] could give a positive note in the morning to

start the day in a good mood” (CT7).

Enhance cognitive function. Participants highlighted the potential for HRI as a means of
enhancing cognitive engagement and communication skills, "His cognition may improve if he
holds a conversation every day” (C6). Dementia care professionals indicated that this would
be beneficial for people living with early to moderate dementia able to verbally communicate
with the robot and suggested that, if well accepted by PLWWD and used consistently, the robot
could detect early signs of cognitive decline from the use of language or shifts in emotional
state from the tone of voice and inform the carer in a timely manner — including the risk of
delusions, hallucinations, and suspicious thoughts. They also expressed that robots should be
used carefully when dealing with people with behavioural problems such as psychosis, as they
may misinterpret the robot's voice as a hallucination, “[...] they may end up thinking it's
a real person” (D1). They highlighted the importance of avoiding emotional deception with

the use of SARs, which has been raised as an ethical concern in previous studies [255].

B. Robot Design Preferences

Personalising interactions. The findings indicated that PLWD trust a robot more when they
find it useful, irrespective of its design and interactive modalities. One carer noted, “If he
understands it is useful for him then he will pick it up quickly and want to use it” (C6). Carers
and dementia care professionals advocated for personalization of interactions and support to
the individual's needs over time. This may include their medical history, dementia progression,
and their comfort with the robot. Furthermore, the ability to adjust the robot's speech
rate and response time emerged as a key design feature, allowing for tailored interactions to
individual cognitive needs. The need for personalisation as a key feature voiced by stakeholders

is aligned with previous studies [83, 169].

Customising appearance. Participants remarked the robot's appearance should be culturally
appropriate. This includes the robot's facial expressions, tone of voice, and choice of words.
R2's affective face generally facilitated initial interest among participants. However, the
positive emotional engagement was lower compared to the other robots (see Figure 5.5).
Interviews uncovered mixed perceptions about adding an affective face to PLWD. While
some thought it enhanced engagement and retained attention, "Having a face is always good

so | can connect, so | don’t have the feeling of talking to a device” (P8), others were wary of
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its human-like features and prioritised the practical assistance offered, "Just voice is enough
[ .. ] Alexa serves the purpose” (C4). Stakeholders suggested having the option to culturally
customise the robot's virtual appearance to make it more relatable, including its eye colours,

adding a bindi, and modifying clothes.

Task-based vs. conversational style. Discussions uncovered mixed views on the preferred
communication style. While some favoured a direct, task-based approach to assist in specific
activities or needs, e.g., "I like straightforward, | ask a question, the robot gives an answer”
(PT7), others valued the ability to engage in open dialogue as a conversational partner about
personalised topics. As one carer noted, "[...] it could be like a ChatGPT that he could
hold a conversation every day”. These views varied with the cognitive abilities of the user
in question, with task-based interactions favoured to support individuals with more cognitive
decline. This preference aligns with the previous participatory study pointing out concerns
related to the use of open-ended questions that may generate anxiety among PLWD (see
Study 1 in Section 5.1). Overall stakeholders preferred the robot to communicate in a “kind
and appreciative” way, maintaining user comfort and reflecting cultural values, "[Robots]

need more appreciative comments so elderly feel encouraged to talk” (C2).

C. Challenges for Use in India

While participants recognised the promise of conversational Al in dementia care and were
generally open to its future use, they underscored the need for improvements before real-

world deployments in home and clinical settings.

Verbal communication. Participants remarked the need for clarity in speech and accurate
local accent interpretation for effective communication, “[the robot] has to understand me,
the way | speak” (P1). Speaking local Indian languages was not considered essential, but
participants preferred a robot with an Indian English accent, noting that it would improve
both technology acceptance and ease of verbal interaction. In fact, participants generally
favoured a robotic platform based on its speech comprehension, "I prefer this robot because
| can better understand what it says” (P6). Speech recognition errors emerged as a critical
area for improvement, often causing conversation restarts or repeated responses. Addition-
ally, background noise derived from fans frequently delayed speech processing. For effective
communication, the ability to process longer speech, pauses, and handle background noise
should be incorporated, particularly in the Indian setting, which is characteristically noisy
both indoors and outdoors. Participants' attitudes often shifted when the robot misinter-
preted their speech, sometimes leading them to repeat with an aggressive tone. Interestingly,
one participant empathised with the robot's limitations, “Alexa, you are not able to follow

me, mam? [...] If you need any help I tell you” (P11).

Familiarity and accessibility. Participants stressed that the current older generation in India

would be hesitant to accept and adopt conversational robots due to unfamiliarity. However,

M. R. Lima 97



5.2. Study 2:
Cultural Feasibility in India User Studies

this barrier was expected to diminish as future generations become more accustomed to voice
technology. Emphasis was placed on a phased introduction with a training period to build
trust and familiarity: starting with robot prototypes in clinical settings, followed by receiving
a recommendation from a healthcare professional to use it, and finally integrating it into the
household. As one carer noted, "She is amazed by these devices but will need help to learn
how to use them”. The findings suggested that the robot's design should prioritise ease of
use, ensuring PL\WD are not overwhelmed by its features, “[...] he needs to be familiar with
[the technology], | don't want to add anything more complex” (C1). Participants further
suggested the robot should be well integrated into the household to promote familiarity
and comfort among PLWD, making them feel the technology is “among the family, instead
of designed just for him” (CT7). Furthermore, culture-focused discussions revealed concerns
about the affordability of the technology and its reliance on stable Wi-Fi. Conversely, there
was a shared concern that if the robot malfunctions, PL\WD would feel “lost and lonely”,
highlighting that carers should be involved in the training phase to handle potential technical

issues.

Privacy concerns. Carers voiced concerns regarding the continuous data collection from
PLWD, particularly voice recordings and activity monitoring at home. They stressed the
importance of transparency in data protection and sharing, with reservations about sharing
medical details without clarity on who has access to it and how it is used for patient benefit,
"I don't want to share what medication my mom is taking if | don't know how the data
is being handled, for that | am scared” (C8). Additionally, while recognising the potential
of the technology to enhance and track cognitive skills, participants noted the frequency of
HRI, the cultural sensitivity of conversations, and the robot's communication style should be

designed in a non-intrusive, culturally sensitive way to maintain user comfort and trust.

5.2.4 Discussion

This two-phase study involved stakeholders — PL\WD, carers, family members and dementia
care professionals (N=40 in the first phase, N=29 in the second phase) — to investigate the
feasibility of conversational SARs in supporting dementia care in India, an under-represented
context in HRI research. The study evaluated: 1) the feasibility of robot-assisted cognitive
engagement with a low-cost virtual affective platform; 2) acceptance of conversational robots;
3) verbal engagement between PLWD and three conversational robots; 4) the preferred

supportive roles, and 5) the challenges that need to be addressed for feasibility in India.

A. Summary of Findings
Relative to each research question (see Section 5.2.2.1), this study showed that:

1. Stakeholders in India accepted and were open to the use of conversational robots to

provide home support. Additionally, a low-cost virtual affective robot was perceived as
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a viable tool for assisting clinicians in remote cognitive engagement.

2. PLWD positively engaged in verbal interactions with three conversational robots with

different levels of multimodality (a voice agent, a virtual robot, and an embodied robot).

3. Key improvements to address feasibility challenges in India include: enhanced speech
processing for local accent interpretation and the ability to handle user pauses; a phased
introduction of the technology starting with prototypes in local clinics to promote
familiarity; and adaptation of the robot's interaction style and appearance through

'kind and appreciative’ communication and customisable facial expressions.

B. Design Implications and Cultural Adaptation

Participants exhibited longer positive emotional engagement with R1, the voice agent, com-
pared to the other robots (see Figure 5.5), which could be attributed to the novelty ef-
fect [237]. The sessions were designed with an increasing level of multimodality in mind, so
that participants experienced the incremental interactive features each robot offered. For this
reason, R1 was the first robot participants interacted with, and given their overall unfamil-
iarity with voice technology, it likely sparked initial curiosity. However, participants exhibited
shorter visual engagement and lower attention scores with R1, the voice agent, compared to
the other robots (see Figure 5.5 and Table 5.2). Trust in this robot as an assistive companion
was also lower compared to the other platforms (Figure 5.6). This could be attributed to R1’s
lack of multimodal interactive features, such as facial expressions or embodiment, which have

been shown to increase engagement in HRI [59, 96, 165, 179].

R3, the embodied robot, was more challenging to interact with and had lower ratings for
its role as a conversational partner. This could be attributed to R3's need to be activated
by its invocation name for each query, which many participants found challenging to recall.
Consequently, participants often attempted to ask questions without triggering the robot's
listening mode. Despite these usability challenges, R3 elicited high verbal engagement, with
some participants independently asking questions beyond those on the list provided. Addition-
ally, some participants perceived R3 as a “toy” and voiced concerns about feeling infantilised
by technology. This user concern is consistent with insights obtained in Study 1 (see Sec-
tion 5.1), highlighting the importance of targeting engaging human-robot interactions without

comprising user autonomy.

Stakeholders emphasised that conversational robots should support daily routines to enhance
the independence of PLWD and monitor health. Emphasis was placed on reminders for
daily tasks and alerts for behavioural risks such as agitation or wandering. As discussed in
Chapter 3, this could be achieved by integrating conversational technology with additional
home monitoring devices as a way to map behaviour and mitigate safety risks. Regular

conversations about topics of interest and verbal prompts for actions that promote well-being
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were also deemed beneficial. To achieve this, interactions should be personalised to users'

cognitive needs over time.

This study identified improvements in the design of natural language interactions to support
dementia care in India. The findings suggested the need for enhanced speech processing in
noisy environments and the ability to handle user pauses and longer speech, with particular
attention to local accent interpretation, as misinterpretation led to participant disengage-
ment. Participants underscored the importance of adapting the robot's interaction style and
appearance to fit cultural norms, advocating for a 'kind and appreciative’ communication
style through tone and word choice. Customisation of the robot's appearance was also ex-
pressed as a desired feature to make the technology more relatable, including the option to

change eye colour, add a bindi, and modify clothes.

Furthermore, stakeholders suggested that introducing robot prototypes in local clinics as a
preliminary step could promote familiarity and acceptance. Clear communication about the
robot’s support functions, limitations and capabilities was also highlighted, as it could help
mitigate privacy concerns related to voice data collection, avoid emotional deception and

promote trust.

C. Limitations and Future Work

Engaging people affected by dementia in research presents inherent challenges and the re-
quirement for fluency in English further limited the size of the participant cohorts. However,
this study offered design considerations obtained based on stakeholder feedback to enhance
robot acceptance and feasibility of implementation in India. These include improving local ac-
cent interpretation, allowing user customisation of the robot's appearance, and implementing

strategies to promote familiarity and accessibility.

The two-phase study was designed to capture initial impressions from HRI experience and
user perspectives on the benefits and challenges of deployment for home support. Future
longitudinal studies could address sustained interactions in home settings and the long-term
implications. Additionally, future within-subject studies that counterbalance the order of robot
presentation could provide deeper insights into how specific robot features (e.g., facial ex-

pressions, embodiment) influence user acceptance.

The integration of LLMs with the robots evaluated could improve verbal dialogue and add
flexibility for local language interpretation. Yet, potential risks, including the spread of misin-
formation or biases, should be addressed in future feasibility studies with stakeholder involve-

ment.
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5.3 Study 3:
Promoting Cognitive Health with LLM-Powered Socially Assistive
Robots

To investigate the feasibility of using LLM-powered SARs to promote and assess cognitive
health, a 5-week within-subjects study was conducted in two retirement homes with 22 older
adults, encompassing individuals with normal ageing and those with cognitive impairment.
Tasks that involved verbal dialogue were designed based on clinically validated cognitive
tools [31, 88, 114], including picture descriptions and semantic fluency. To minimise task
memorisation by older adult participants, two variations of each task were alternated between
five weekly study sessions and an individual baseline was established through an initial human-
administered session. Participants then engaged in three weekly robot-administered sessions
to mitigate the novelty effect, which leads to initial engagement but quickly wears off, resulting
in decreased interest and changing attitudes toward robots [139]. The contributions of this

study are described below.

Contributions:

1. Demonstrated the efficacy of LLM-powered SARs in promoting cognitive health in

elder care.

2. Demonstrated the potential for SARs to provide accessible in-residence cognitive sup-
port. With consistent use, SARs could monitor cognitive health over time and identify

individuals requiring more comprehensive diagnostic evaluation.

Ethics Approval: The study was approved by the University of Southern California IRB
UP-24-00154 (see Appendix A6).

Code Availability: The code used in this study is publicly available (https://github.com/

mariarlima).

5.3.1 Background

This section reviews previous studies that have begun to explore SARs in cognitive assessment
scenarios. Next, recent advancements in integrating LLMs with SARs for more natural and
engaging interactions are explored. Finally, the research gaps are identified, which this study

aims to address.

A. SARs for Cognitive Assessment

Few studies have investigated the use of SARs in cognitive health assessment scenarios,
particularly among older populations and individuals with cognitive impairments. Chang et

al. [42] investigated the feasibility of detecting MCl using SARs in a between-subjects study
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with HRI-based memory tasks and standardized NPT [42]. Similarly, Rossi et al. [215] as-
sessed personality traits via SAR-administered psychometric questionnaires, and Pou-Prom
et al. [197] evaluated a SAR platform for cognitive assessment with 19 seniors diagnosed with
AD in picture description tasks, comparing interactions with a human administrator. That
study focused on miscommunication and linguistic analysis from manual annotations, finding
that richer HR| occurred with individuals with milder cognitive impairment. Additionally, par-
ticipants had longer interactions and used a broader vocabulary with the human administrator
compared to the robot. The authors also identified significant variations in word and sequence
length across different levels of cognitive impairment, which were consistent in interactions

with both human and robot administrators.

While these studies suggest the potential of SARs for cognitive support, further user studies
are needed in real-world settings with larger and more diverse cohorts. Moreover, challenges
related to speech recognition and HRI dialogue flexibility have not been fully addressed, par-
ticularly within elder care. This study aims to address these gaps by evaluating the feasibility
of an LLM-powered SAR to promote cognitive health through a 5-week, in-residence study.
A diverse and multilingual cohort of older adults was recruited. Participants completed cogni-
tive tasks based on clinically validated tools through human-robot verbal dialogue in English

or Spanish.

B. LLMs for Human-Robot Engagement

LLMs are transformer-based models, such as BERT [60] and OpenAl's GPT [203], trained on
large datasets to perform NLP tasks, including question answering, translation, summarisa-
tion, and content generation [244]. Recent developments in LL.Ms have unlocked opportunities
for open dialogue and HRI [275]. LLM-powered robots have elicited increased trust in collab-
orative tasks with humans by enabling more intuitive and natural language interactions [275].
However, the use of LLMs for engaging home-based cognitive assessment and monitoring

with conversational agents has not yet been explored.

In elder care, LLM-powered SARs have the potential to provide emotional support and pro-
mote cognitive health through more effective human-robot engagement [102], although only
a few studies have utilized LL.Ms for this purpose. For instance, Yang et al. [274] developed
a phone-based LLM-powered chatbot, Talk2Care, to collect health information from older
adults and generate a summary for their healthcare provider. They found that the voice
agent collected more detailed information than a voice recording with less effort from the
provider. This study suggested how LLIMs can be useful for gathering health information from
older adults in an engaging way, but the system was designed to replace provider voicemail

systems and was not evaluated for health monitoring.

Furthermore, Jo et al. [108] developed CareCall, an LLM-powered chatbot designed to sup-
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port socially isolated individuals through weekly 2-3 minute phone conversations about the
user's health. They deployed the system among adults aged 50-60 and found that the calls
helped mitigate loneliness. While the system proved beneficial for emotional support, the
study highlighted significant challenges in maintaining long-term engagement and support-
ing individual health needs due to limited personalisation. The lack of multilingual LLMs is
another factor that limits personalisation of interactions, as most models are English-only.
In this work, an LLM-powered SAR was evaluated to promote cognitive health in elder care

within residential settings in a longitudinal study with both English and Spanish speakers.

LLMs have also shown potential in building rapport with users and sustaining therapeutic
conversations [137, 158, 164]. Early evidence suggested that LLM-based interactions may
reduce symptoms of depression, anxiety, and stress [183]. For instance, a chatbot trained
on domain-specific health data for mental health assessments asked more detailed questions
about symptoms such as sleep disturbances than human psychiatrists [41]. Despite their

promise, integrating LLMs into clinical and care settings remains in its early stages.

Using LLMs in sensitive environments, such as in elder care, involves significant risks, in-
cluding the potential for disinformation. Research has shown that while LLMs are effective
communicators, they can generate inaccurate or biased information, often without trans-
parency [101]. To ensure that LLM-powered SARs enhance the independence and well-being

of older adults, it is essential to verify their output for accuracy and safety.

5.3.2 Methods

This research conducted a 5-week within-subjects study that aimed to explore the feasibility

of SARs in promoting and assessing cognitive health in elder care. This section details on
the conversational SAR platform used, the interaction design, older adult participants, data

collection and analysis.

5.3.2.1 Research Questions

This study aimed to answer the following research questions:

o RQ1: Are LLM-powered SARs viable tools for engaging older adults in interactive tasks
that promote cognitive health?

o RQ2: How does task performance change in cognitive tasks after three weekly robot-

administered sessions?
o RQ3: Do older adults accept a SAR that administers cognitive tasks?

o RQ4: What are the perceptions and experiences of older adults who interact with a

SAR in this context?
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Figure 5.7: System implementation of an LLM-powered SAR administering cognitive tasks.
The verbal human-robot dialogue consisted of: STT; LLM-generated responses composed of praise
and hints to complete the cognitive task, with a moderator designed to filter the LLM-generated
responses within the desired interaction context; TTS; a robot behaviour module to generate idle
motions synchronised with speech duration.

No

5.3.2.2 Conversational SAR

The updated version of the inexpensive Blossom robot was used, an open-source, 3D-printed
platform [232] with a grey crocheted exterior, to create a simple and engaging appearance. A
female voice from Unreal Speech TTS API” was selected. allowing customisation of speech
speed and pitch parameters to enhance engagement and robot speech clarity for older adults.
The system implementation consisted of speech-to-text (STT), LLM-generated responses,

Blossom behaviour, and TTS, as illustrated in Figure 5.7.

A. Study Setup

The study setup, shown in Figure 5.8, consisted of a Blossom robot, a Raspberry Pi 4
computer that controlled the robot's movement, an external speaker and microphone for
verbal interaction, a monitor to display the picture used in one of the cognitive tasks, a
webcam to video record the sessions, a laptop to run the main program that integrates the

verbal tasks with robot behaviour, and an eye gaze tracker.

B. Robot Behavior

A set of idle motions were designed to enhance user engagement with the robot. All idle
motions were implemented as actuations for each of Blossom's four motors to manually
selected goal positions, as described in previous work [182]. These include different sequences
of sighing, posture sways, and gaze shifts that were designed to avoid distracting behaviours.
The length of the robot's motion sequences were synchronised with its speech duration to

promote natural and engaging interactions. An Amazon \Web Services (AWS) server was used

"Unreal Speech API (https://unrealspeech.com/).
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Figure 5.8: Experimental setup during a picture description task. The figure shows a partici-
pant interacting with Blossom while looking at the screen with the Cookie Theft picture displayed.
Photo used with consent.

to securely activate robot behaviour for the selected motion sequence.

5.3.2.3 Interaction Design

This section describes the two cognitive tasks, the LLM prompt designed for verbal dialogue
in robot-administered tasks, and the moderator used as a pilot safety mechanism to check

the quality of LLM-generated responses.

A. Interactive Cognitive Tasks
Two interactive tasks were implemented based on validated cognitive tools [31, 88, 114]:

o Picture description. The robot explains the activity and gives participants time to de-
scribe a picture displayed on the monitor (referred to as the first attempt). If the par-
ticipant pauses for a long time (>7 seconds) after this first attempt, the robot provides
hints, guiding attention to areas of the picture that have not been mentioned, based on

predefined areas of interest.

o Semantic fluency. The robot asks the participant to name as many items as possible
within a given category (e.g., animals or fruits, depending on the session) in one minute,
following standard test procedures. After this initial minute, if pauses (>4 seconds)
are detected in the participant’s speech, the robot provides hints about words not yet

mentioned, based on predefined groups of animals or fruits.

Both tasks were designed to last up to five minutes, at which point the robot ended the
interaction. The duration of each task was based on the typical duration of the task in a
clinical setting, with additional time for interactive hints. Brief tasks were selected to minimise
participant fatigue. The robot-administered picture description tasks had an average duration

of 4.9 minutes across the cohort, while the semantic fluency task averaged 5.2 minutes.
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Interactions were designed with motivational techniques (praise, positive feedback, and en-
couragement) as in previous work [73]. The robot praised the user with encouraging comments
in response to their picture descriptions and the words recalled during the semantic task. The
first and last study sessions, administered by a researcher, adhered to the same structure,

using praise and hints similar to those used by the robot.

B. LLM Prompt Design

Two prompts were designed for each task and were used as input to the OpenAl's GPT-40
model to generate contextualised and engaging responses during the interactive cognitive

tasks in both English and Spanish. Appendix A5 describes the LLIM parameters used.

Each prompt was designed with key elements (see Table 5.4): the role of the LLM as a SAR,
the target user demographic, the interaction context, the tone, the guidelines for initiating
the interaction, the structure of the generated response with praise and hints, methods to
clarify misunderstandings, the groups for hints, and the criteria for recognising the end of the
task (i.e., when all groups were covered or when explicitly expressed by the user). For the
picture description task, the hints included five predefined areas or actions to describe. In
the semantic fluency task, hints featured six predefined animal groups or seven fruit groups.
The prompts were refined iteratively through in-lab pilot testing to ensure the reliability of
generated responses. The LLIM prompts and parameters used for both English and Spanish
sessions, and the predefined groups used for hints are provided in Appendix Table A5.2.

In this study, Spanish dialogue was generated by the LLM using the same English-based
prompt with an additional instruction: "For this interaction, reply in Spanish. Use <gender>for
the user”. Widely used LLMs have been predominantly pre-trained on English-dominated cor-
pus, reducing performance for non-English prompts [280]. Therefore, this design choice aimed
to ensure that the model accurately interpreted the prompt and delivered high-quality dialogue
responses in the target language (Spanish) by leveraging its machine translation capabilities.
Additionally, this approach mitigated potential performance issues arising from disparities in

the quantity and quality of LLM training data for non-English languages.

C. LLM-Driven Moderator

In addition to human-in-the-loop monitoring of HRI during the tasks, an Al-driven moderator
programme was designed as a preventive measure to ensure the quality of LLM-generated
responses in the study. The moderator reviewed each generated response along with the
preceding interaction context, filtering out any potentially problematic statements before the
final response was converted into speech. The moderator prompt for GPT-40 was designed to
output a simple "yes” or "no” (see Table 5.5). If the moderator detected a response outside
the desired context, it first regenerated the response. If the regenerated response fell outside

acceptable parameters, the system automatically terminated the interaction.
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Table 5.4: Prompt used in LLM-powered robot-administered cognitive tasks. For Spanish
sessions, the prompt had an additional instruction: "For this interaction, reply in Spanish. Use
< gender> for the user”. The prompts underwent in-lab pilot testing to ensure the reliability of GPT
automated translations from English to Spanish before responses were delivered to participants via
TTS.

Element Prompt

Role You are Blossom a friendly social robot acting as a coach in a verbal inter-
active task to promote cognitive skills.

User Older adults who are unfamiliar with robots and need time to think.

Context Guide users to describe <picture name OR semantic category> from
< neuropsychological test>. Interaction is limited to this task.

Tone Encourage participants to keep engaging with supportive comments and
short hints. Use friendly language be patient and engaging. Don’t use emojis.

Start Greet the user and ask for their name. Use name throughout. Ask if they are
ready to play a game. Introduce the task with <example of introduction>.

Turns Give turns and wait for user responses.

Hints Use the groups for hints without naming specific <picture actions OR cat-
egory words>. Give one hint per turn <example of hint>.

Groups (picture) <areas of Cookie Theft OR areas of Picnic Scene>.

Groups (semantic)  <groups of animals OR groups of fruits>.

Track (picture) Track what the user described. If user asks for a hint prompt about an area
not already mentioned.

Track (semantic) Track <animals OR fruits> mentioned in each category. If user asks for a
hint prompt about a group not already mentioned.

End (picture) After all picture areas are mentioned end the task with <example of end
message>.

End (semantic) After at least two <animals OR fruits> from each group are mentioned end

the task with <example of end message>.

Table 5.5: Prompt designed for the LLM-driven moderator. Prompt for the moderator to
determine if a response is within the desired context.

Element Prompt
Role You are moderating responses generated by a robot interacting with older adults.
Context <task>. The robot is acting as coach prompting users with hints to <goal of

task>. In the end the robot praises the user and moves to the next task. The
response must be in this context.

Output Given this interaction context, is the response appropriate? Reply with just Yes
or No.

While no problematic instances occurred during the in-residence HR| experiments, the mod-
erator was implemented as a pilot safety mechanism. The moderator provided real-time feed-
back to the researcher overseeing the HRI, who could review the moderator's decisions for

potential false positives and intervene to stop the programme if necessary.

M. R. Lima 107



5.3. Study 3:
Promoting Cognitive Health with LLM-Powered Socially Assistive Robots User Studies

5.3.2.4 User Study in Retirement Homes

This section describes the user study conducted in two retirement homes, including the cohort
of participants, the within-subject study design of five weekly sessions, and the procedure

followed in each session. Finally, data collection and analysis methods are detailed.

A. Participants and Setting

The study involved 22 participants aged 65 and older (mean age=76.2, SD=8) who lived in
retirement homes in Los Angeles, CA. In order to better represent the population of older
adults in California, participants fluent in English (64%) or Spanish (36%) were recruited.
All study materials, including the consent form, questionnaires, and all interactions, were
adapted to the participants' preferred language. The study excluded those who were unable
to consent to the study information sheet or had impairments that precluded hearing or seeing
the robot. Participants (13 females, 9 males) self-reported their races and ethnicities: 14

African-American, 7 white, 8 Hispanic Latino; 1 participant did not disclose.

Participants completed the MMSE to assess their baseline cognitive abilities across five stan-
dardised domains: orientation, registration, attention and calculation, recall, and language
(mean=24.9, SD=3.9). The participants could be classified into two cognitive groups: those
experiencing normal ageing (N=8) and those with mild to moderate cognitive impairment
(N=14), using an MMSE cutoff of 26 as suggested in prior work [222]. Participants had
varying levels of education (mean years=10.5, SD=4.9). Only two participants had some ex-
perience with robotics or Al, including the use of the Amazon Alexa smart speaker, while the
majority had no experience (N=5) or very little experience (N=15) with such technologies.

Participants were compensated with a USD$50 gift card upon completing the study.

B. Study Design

To explore the research questions outlined in Section 5.3.2.1, a 5-week within-subjects study
was conducted. Each session was followed by a one-week washout period. Due to health
circumstances, some participants were unable to attend their sessions as scheduled. For those
individuals, the average washout period was five days. During each session, participants
engaged in one picture description task and one semantic fluency task. To minimise task
memorisation, two variations of each cognitive task were alternated, such that the first and

last sessions utilised the same task variation, as illustrated in Figure 5.9.

In the picture description task, participants described either the Cookie Theft picture from
the BDAE [88] or the Picnic Scene from the Western Aphasia Battery-Revised [114] (see
Appendix A4). The semantic fluency task, based on the Addenbrooke’s Cognitive Examina-
tion [31], involved animals and fruits as categories. To ensure consistency and comparability

of data, both human- and robot-administered sessions followed the same structure.
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Figure 5.9: Study design with five weekly sessions of interactive cognitive tasks. The within-
subjects study design consisted of five sessions: two alternating versions of each cognitive task (V1
and V2), an initial session administered by the researcher used as a baseline, followed by three
weekly robot sessions, and a final session conducted by the researcher.

To establish an individual baseline, Session 1 was administered by a researcher. This baseline
was used to address RQ2 (see Section 5.3.2.1) regarding task performance after three weekly
robot-administered sessions. The study included three consecutive robot-administered ses-
sions to overcome the novelty effect, allowing participants to become familiar with Blossom.
Additionally, at the end of the last robot-administered session, participants had the option
to engage in an open dialogue with the robot on topics of their choice or those suggested
by Blossom, which were unrelated to the cognitive tasks. This optional open dialogue had a
predefined maximum duration of five minutes, after which the robot ended the interaction.
The final session (Session 5) was administered by a researcher, allowing a direct comparison

of performance and user perceptions of the system to those from the initial session.

C. Procedure

Before the first session, each participant met with a researcher to review the informed con-
sent form and receive a detailed explanation of the study. Upon providing informed consent
and having the opportunity to ask questions, participants completed the Big Five Inventory
(BFI) [205] and reported demographic information including age, gender, race, ethnicity,

income, and highest level of education.

Each session lasted approximately 45 minutes. The two human-administered sessions in-
cluded a brief introduction to the session, the two interactive cognitive tasks, and a follow-up
semi-structured interview. The three robot-administered sessions included additional ques-
tionnaires, completed with the assistance of a researcher, to assess perceived system usability
and robot acceptance (see Section D.). During the semi-structured interview, the researcher
allowed time for open-ended responses, allowing participants to express their feedback about

the session and the robot.

In the robot-administered sessions, priming was implemented to familiarise participants with

Blossom, leveraging robot agency. Specifically, the robot introduced its interactive capabil-
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ities, drawing attention to the motor sounds and the time required for speech processing.
This priming phase was designed to reduce the novelty effect [139] and prevent emotional
deception [255], ensuring that participants were not interacting with the robot for the first
time without prior exposure. By doing so, this research aimed to create a more consistent
HRI experience, allowing participants to focus on the tasks with minimal distractions due to
absolute novelty of the experiment setup. The pre-recorded robot priming was also used to

adjust the robot’s speech volume before the tasks.

D. Data Collection

Quantitative data were collected from task performance and questionnaires and qualitative

data from interviews. Note that this study does not focus on the eye gaze data collected.

BFI. As part of the pre-study survey, participants completed the widely used BF| [205], which
measures five personality traits: extraversion, agreeableness, conscientiousness, neuroticism,
and openness to experience. To make the process more accessible for older adults, the 10-item

short version of the BF| was administered, rated on a 5-point Likert scale.

MMSE. In the final session, the MMSE was administered to assess cognitive function across
five domains: orientation, registration, attention and calculation, recall, and language. The
MMSE tool was selected because it is shorter to administer than other cognitive tools (e.g.,
the Montreal Cognitive Assessment (MoCA) [103]) and makes the speech data collected
comparable with benchmark DementiaBank datasets, which use MMSE scores as labels,

enabling future predictive analysis.

System Usability Scale (SUS). After each robot-administered session, participants completed
the 10-item SUS [30], adapted for older adults and cognitively impaired users [99]. The SUS

is scored out of 100 and rated on a 5-point Likert scale to evaluate system usability.

Robot Acceptance. Participants also completed a 14-item robot acceptance questionnaire
tailored for SARs in elder care [97]. The questionnaire evaluates attitudes towards robots
over five constructs: sociability, enjoyment, usefulness, anxiety, and trust, each rated on a

5-point Likert scale.

Interviews. Each session concluded with a semi-structured interview using a guide developed
iteratively by the research team. The interview covered the participant’s experience, com-
fort, enjoyment, preferences between robot and human-administered sessions, suggestions

for robot improvements, and willingness to engage with the robot in the future.

Recordings. Sessions were audio- and video-recorded with participant consent for post-

experiment analysis.
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E. Data Analysis

Audio recordings of the cognitive tasks were segmented and transcribed with speech diari-
sation techniques and OpenAl's Whisper speech recognition model [202], then verified for

correctness by two researchers.

Statistical Analysis. The Shapiro-Wilk test was used to verify the normality of the dependent
variables, determining if a parametric or nonparametric version of the test was appropriate.
Paired Wilcoxon signed-rank tests were performed to evaluate various task performance met-
rics and paired t-tests to compare SUS scores in the first and last study sessions. Spearman’s
rank correlation was also calculated to assess the relationships between task performance
and MMSE scores, robot acceptance and personality traits, as well as robot acceptance and

MMSE scores. Significance levels were adjusted with Benjamini-Hochberg FDR.

Thematic Analysis. Audio and video recordings of the interviews were transcribed comple-
mentary to on-site notes from a researcher. Two coders independently reviewed the interview
data to identify emerging themes using an inductive approach [191]. They met to discuss in-
dividual findings and created a unified list of themes. The coders then reviewed all feedback,
coding each sentence according to the themes on the unified list with inter-rater reliability

(Cohen’s k=0.78, indicating substantial agreement [52]).

5.3.2.5 Linguistic Analysis of Cognitive Tasks

This section outlines the features extracted from the transcripts of the picture description
and semantic fluency tasks, which were used to analyse task performance over the five study
sessions, addressing RQ2 (see Section 5.3.2.1). To further examine verbal engagement, three
researchers annotated social comments made by participants beyond the tasks (e.g., sharing

thoughts or personal experiences).

A. Picture Description Task
Several features were extracted at the utterance level to assess:

o Detail. The level of detail in the first attempt (i.e., without hints, as described in Sec-

tion 5.3.2.3), by counting the number of predefined areas/actions mentioned.
o Words. The total word count on the first attempt.

o Hints. The number of times the administrator provided hints to help the participant

complete the task and elicit more details.

o Completeness. Token embeddings were used to represent the pre-processed transcripts.®

8The Multilingual-E5-large-instruct model from Hugging Face was used due to its superior performance
on multilingual datasets compared to other models tested: OpenAl's GPT embeddings and Mistral Al's
E5-mistral-7b-instruct. The token embeddings were averaged (mean pooling) to create a single vector repre-
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Participants’ transcripts were compared to a baseline generated by GPT-40,° calculating
cosine similarity between the pooled embeddings of both transcripts to assess how closely
participants’ descriptions were to the baseline. It was hypothesised that higher similarity

scores would indicate more semantically complete descriptions.

o Use of language: Various lexical features were extracted to assess lexical diversity, the
proportion of nouns, pronouns, verbs, and adjectives in participants' first attempt de-
scribing the picture.

B. Semantic Fluency Task

The following linguistic features were extracted from the semantic task:

o Unique correct words. The number of unique animals or fruits named (depending on the

task version; see Figure 5.9) within one minute during the first attempt.

o Hints. The number of times the administrator provided hints for additional words within

the predefined categories to help the participant complete the task.

o Repetitions. The number of task-relevant words repeated during the entire task.

5.3.3 Results

This section reports findings on task performance after robot-administered sessions (RQ2).
Next, social engagement is compared in robot- and human-administered cognitive tasks. Re-
sults on perceived usability and robot acceptance from questionnaires are then presented
(RQ3). Finally, the key themes from the interviews are reported, which explore older adults’

perceptions and experiences interacting with a SAR for promoting cognitive health (RQ4).

5.3.3.1 Task Performance

Task performance was compared on the same cognitive tasks in the first (Session 1) and
last (Session 5) weekly study sessions using the paired Wilcoxon signed-rank test, considering
independent linguistic features. The first session was used as an individual baseline for how
participants described the Cookie Theft picture and the number of animals mentioned in the

semantic fluency task.

A. Performance After Three Weekly Robot Sessions

There was a significant increase in task performance across the cohort after the three robot-
administered sessions. Specifically, in the picture description task, participants provided sig-

nificantly more detailed descriptions in Session 5, as indicated by the number of picture areas

sentation for each transcript.
9The GPT baseline covers all predefined picture areas and actions relevant to the task, which was verified
for correctness by two researchers.
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Figure 5.10: Task performance comparison between the first and last study sessions. Perfor-
mance in cognitive tasks across the cohort for: a) the picture description task; and b) the semantic
fluency task.

and actions described in the first attempt, i.e., without hints (W =10, p<.01*). They also
used a significantly higher number of words in their descriptions (W=18.5, p<.001***),
and required fewer hints by the administrator to complete the task (W=0, p<.001***)  as
shown in Figure 5.10a. Additionally, when compared with a GPT-generated baseline (detailed
in Section 5.3.2.5), participants’ verbal descriptions were semantically more complete in Ses-
sion 5 compared to Session 1 (W=2.5, p<.001***). The analysis of lexical features revealed
a significant improvement in lexical diversity across the cohort in Session 5 (W=33, p<.01),

indicating a less repetitive and more varied use of vocabulary (see Appendix Table A5.3).

In the semantic fluency task, participants needed significantly fewer hints by the administrator
to complete the task in Session 5 (W =6, p<.01**) and expressed fewer repetitions of task-
relevant words (W=26.5, p<.01**), as shown in Figure 5.10b. Furthermore, participants
recalled more unique task-relevant words (i.e., animals) in the last session, although this

increase was not significant.

B. Correlation with Cognitive Skills

This study assessed the relationship between participants’ cognitive skills, as measured by
MMSE, and their performance in the interactive cognitive tasks in the last session. Spearman’s

rank correlation was calculated using the linguistic features selected (see Figure 5.10).

The analysis revealed a moderate positive correlation between the number of unique task-
relevant words on the semantic fluency task and MMSE scores (r=0.5, p<.05), meaning
participants with higher cognitive abilities mentioned more unique animals in one minute.
Specifically, participants experiencing normal ageing (MMSE>26 [222]) named an average of
20.6 unique animals (SD=6.6), compared to 17.4 (SD=9.5) animals recalled by individuals
with cognitive impairment (see Table 5.6). Notably, these values were higher than those

obtained in the first study session for both cognitive groups.
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Table 5.6: Demographics and number of animals named in the semantic fluency task. The
number of unique correct animals recalled is provided for the first (Session 1) and last (Session 5)
study sessions for the two cognitive groups — normal ageing and cognitive impairment — presented
as mean (SD).

Normal Aging Cognitive Impairment

(N=8) (N=14)
MMSE 28.8 (1) 22.7 (3)
Age 74 (5.9) 77.4 (8.9)
Sex (% male) 25% 50%
Education 114 (5.2) 10.1 (4.8)
Animals Session 1 17.3 (4.7) 13.5 (6.2)
Animals Session 5 18.3 (6.1) 16.1 (8)
Normative [51, 198] 18-21 8-15

These findings align with normative data'® for different age groups [51, 198], as well as
recent psychology research suggesting the predictive value of verbal semantic fluency tests in
screening early dementia [167]. Spearman’s correlation between participants’ cognitive skills

and lexical features showed no significance (see Appendix Table A5.3).

5.3.3.2 Verbal Engagement

To eliminate absolute novelty, the number of social comments participants made beyond the
task (e.g., sharing thoughts or personal experiences) was compared between the last robot
and human sessions to consider overall engagement after participants became familiar with
the robot. Social engagement was measured per session by counting social comments in both

the picture description and semantic fluency tasks.

Social engagement was significantly higher in cognitive health-promoting tasks administered
by the robot (W=44.5, p<.05*), as shown in Figure 5.11. Specifically, participants verbally
engaged with Blossom beyond the task in Session 4 an average of 4.1 times (SD=4.4)
compared to 2.3 times (SD=3.2) in Session 5 with the researcher. For instance, a participant
commented on the picture and recalled their young age while talking with Blossom, “Oh that
a... that's a beautiful scene there. | remember the time when | was young [...]” (P7, S4),
and another shared their shopping routine during the naming fruits fluency task, “Uh...I- | can
remember all them when | go to the store, | see them, | go right on to them and | pick them

up when I- | go” (P13, S2).

1ONote that the normative data were compared with the number of animals named in Session 1, where
there was no risk of learning or memorising the task.
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Figure 5.11: Verbal social engagement in study sessions. Number of verbal social comments
during the last robot-administered (Session 4) and researcher-administered (Session 5) study ses-
sions across the cohort.

5.3.3.3 Perceived Usability and Robot Acceptance

This study evaluated how perceived usability evolved over the three weekly robot-administered
sessions. In the first robot-administered session, participants gave the robot a mean SUS score
of 80.7, indicating “Good" usability. In the subsequent sessions, the SUS scores increased
above 85.6, indicating “Excellent” usability [22]. Older adults rated the robot as increasingly
easy to use over time, even after the initial novelty wore off. A paired t-test revealed a

significant increase in SUS scores from the first to the last robot-administered session with a
large effect size (£(21)=-3.7, p <.05, Cohen's d=0.8).

Participants also completed a post-trial robot acceptance questionnaire. The acceptance
scores for each session are provided in Appendix Table A5.4. Overall, mean scores of 4.7
for enjoyment were the highest and consistent across all robot-administered sessions, indi-
cating that participants found the interaction fun and engaging—an idea reinforced by the

perspectives they shared in semi-structured interviews (see Section 5.3.3.4).

The portion of participants who rated their feeling of anxiety as "strongly disagree” increased
from 72.7% in the first robot-administered session to 87.8% in the final robot-administered
session (Figure 5.12), suggesting that participants became more comfortable with HRI over
time. Similar trends were observed in sociability or perception of the robot as pleasant, nice,
and understanding (percentage of "strongly agree” ratings in Session 2: 65.2%, Session 4:
71.2%). Usefulness scores also increased across sessions (percentage of "strongly agree”
ratings in Session 2: 51.2%, Session 4: 57.6%). While mean scores for trust were lower,
ranging from 3.5 to 3.7, participants reported higher trust in the robot over time (percentage

of "agree" ratings in Session 2: 13.6%, Session 4: 25%).

Additionally, to explore the relationship between cognitive abilities and robot acceptance,
Spearman'’s correlation was computed between MIMSE scores and robot acceptance ratings.
This analysis revealed a moderate negative correlation between MIVISE scores and trust (r=-

0.5, p<.05), suggesting that participants with higher cognitive scores tended to have lower
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Figure 5.12: Results from acceptance questionnaires. The questionnaire results were compared
between the first (52) and last (S4) robot-administered sessions.

trust in the system. This trend may be due to greater awareness of privacy concerns with Al
technology. Furthermore, Spearman’s correlation results between participants’ BF| personal-

ity traits and robot acceptance showed no significance (see Appendix Table A5.5).

5.3.3.4 User Experience in Robot-Administered Sessions

This section reports the themes that emerged from the interviews throughout the study.
Participants' responses most commonly related to the robot's effect on their cognitive abilities,
their perceptions of the robot and interaction experience, their motivations to use the robot,
and whether they would be likely to continue using it over time. Tables 5.7, 5.8, and 5.9 list

all sub-themes and their frequencies.?

A. Increased Ability to Focus and Promote Cognitive Health

Participants frequently reported experiencing cognitive benefits from interacting with Blos-
som. The recurring themes from their feedback are listed in Table 5.7. Participants (N=12)
reported that interacting with Blossom improved their memory recall. P19 stated, "It's ben-
eficial for me mentally; | sometimes forget things, and that's where the robot would come in”
(S3). Most participants (N=18) expressed that completing the tasks with Blossom enhanced
their thinking ability by challenging them to work their brains. For example, P12 reported
benefiting from answering Blossom's questions about animals in the semantic fluency task:
"[..] she getting me to think more. Stuff like that is good for my brain” (S3). P9 found
that they were "a little confused about some of the things Blossom mentioned, but that's

good because it made me think, and | think that machines are supposed to help you focus

and think™ (S4).

Participants (N=12) found that completing the picture description task with Blossom im-

proved their awareness of their surroundings and ability to focus on details in their everyday

1 Note that all participant quotes have been translated to English for presentation in this section.
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Table 5.7: Perceived ability to focus and promote cognitive health.

Statement Users
Helps with memory retention 12 (55%)
Enhances thinking 19 (86%)
Increases attention to the cognitive tasks and surroundings in daily living 12 (55%)
Helps with learning new information or skills 10 (45%)

lives. P9 explained their thought process during the activity: " You may think you focused,
you know, but sometimes you not focused [...] even with me looking straight at the picture,
| still didn't see everything” (S2). Several participants noted that their attention to small
details in their everyday lives improved after interacting with Blossom: "It makes me more
alert” (P23, S2); "It's beneficial for me, [it helps me] notice more details, be more observant”
(P19, S4). Finally, participants (N=10) reported learning new information when interacting
with Blossom. P22 stated, "/ enjoy it; every day | talk with the robot, | learn more about
culture” (S4), and P9 reported that "[...] to me, has been a learning session” (S5).

B. Experience Interacting with Blossom

Table 5.8 lists the common themes from participants’ feedback about their experience inter-
acting with the robot, perceptions of the robot, and suggestions to improve it. Participants
praised Blossom's appearance and features but were critical of the robot's complexity and
ability to communicate clearly and efficiently. Half of the participants (N=11) described Blos-
som as cute or friendly, comparing it to a toy with more advanced capabilities: "Blossom
was just like a talking toy” (P10, S2). More than half of the participants (N=14) described
Blossom's voice as "understandable, clear” (P24, S2). P2 and P5 complimented its volume
(P5, S2), cadence, and calming quality (P2, S4). Participants (N=5) also liked Blossom’s

movements.

All but one participant (N=21) described the interaction with Blossom as enjoyable. They
commonly attributed their excitement to the robot's novelty (“Because | have not seen any
robot like this in my life. And the way it talks to me was different and kind of funny.
And | like it" (P16, S4), Blossom's responsiveness, and the thought-provoking nature of
the tasks. They particularly enjoyed Blossom's ability to provide information, facilitate their
comprehension, and converse; P7 stated, “I enjoy when [Blossom]'s here ‘cause he knows

more things than | do. A lot of fun talking, listening, and saying things" (S3).

Despite enjoying the interactions with Blossom, many (N=10) felt they would not have the
technical skills or training to operate the robot alone. For example, P7 said, " Personally [by]
myself | wouldn’t know how to operate” (S4). Some suggested that they could operate the
robot independently with enough training and practice: "I need guidance, help at the begin-
ning to start learning and gain practice” (P20, S5). Upon inquiry, all participants affirmed
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that they felt comfortable interacting with Blossom or had become comfortable over the
course of the study, with some even forming an emotional attachment: " Today, [l felt] more
confident with the robot, it’s like we're friends now™ (P24, S4). Conversely, some participants
(N=5) expressed anxiety and nervousness during the interactions due to their skepticism of
technology and the duration of the exercises: “Sometimes | was not very comfortable. |
didn't know what else to say [about the picture]” (P22, S3).

Participants found that although they were initially skeptical of Blossom and Al, they became
more comfortable in general as the sessions progressed: “At first, | was a little shy about
dealing with her, with Blossom, and | would've preferred [the human administrator], but now
it just doesn’t make a difference” (P2, S4); “Al was like frightening for me at first because of
the things | was seeing on social media, but now [...] I'm more comfortable” (P2, S4). One
participant who had an Alexa smart speaker also reported feeling more comfortable exploring

a broader range of its applications after their HRI experience with Blossom.

Participants (N=8) appreciated how Blossom’s communication was "clear, precise” (P18,
S3) and "straight to the point” (P14, S2). Conversely, other participants (N=6) reported
facing challenges communicating with Blossom, recalling times that they did not understand
the robot or the robot misunderstood them, "/ don't think the robot can understand feelings.
| can't see that it understands me.” (P4, S3). In addition, participants (N=6) noted the
latency in Blossom's responses. They expressed frustration when the expected response was
significantly delayed or failed to appear: “I'm impatient when I'm talking to someone [...]
she’s too slow™ (P12, S2). Participants also interpreted Blossom's slow response time as

indifference, assuming that “it's not interested in my question” (P23, S2) or that “it lacks

thought” (P17, S4).

During the two interactive cognitive tasks, Blossom provided hints. Most participants (N=16)
reported that the hints improved their focus, memory, and observation, "It made me see what |
wasn 't seeing [in the picture] and remember things" (P21, S4). In contrast, some participants
(N=6) who found Blossom unhelpful during the tasks stated that they could have completed
the task independently and that the hints provided by the robot were too vague: “He didn't
say look over here, look over there" (P6, S3). For the semantic task, participants suggested
that hints focused on specific fruits or animals would have been more useful than broad

categories.

C. Perceived Usefulness and Interest in Future Use

Participants provided feedback on the usefulness of Blossom if integrated into their daily
lives. Table 5.9 lists the common themes that emerged from this feedback. All but one
participant (N=21) believed the robot would be beneficial for setting reminders and providing

information. Many suggested that Blossom could remind them of daily tasks, such as taking
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Table 5.8: HRI experience, perceptions of the robot, and suggested improvements.

Statement Users

HRI Experience

Found the tasks with the robot fun or enjoyable 20 (91%)
Found Blossom helpful for task completion 16 (73%)
Found Blossom unhelpful for task completion 6 (27%)
Felt comfortable interacting with Blossom 22 (100%)
Felt uncomfortable or anxious 5 (23%)
Noticed improvements in task performance, confidence, or comfort over time 7 (32%)

Perceptions

Viewed as cute, friendly, or toy-like 11 (50%)
Enjoyed Blossom's voice 14 (64%)
Enjoyed Blossom’s movements 5 (23%)
Easy to understand and communicate with 8 (36%)
Faced communication challenges with Blossom 6 (27%)
Complicated to set up and use alone 10 (46%)
Suggestions

Shorten response time 6 (27%)
Make interactions more conversational 7 (32%)
Personalize responses 3 (14%)
Add/modify physical design features 5 (23%)
Enhance body movement 4 (18%)

medications and exercising: "Remind me of tasks, time, and appointments [...] or where
| leave things and give me information like an assistant” (P23, S2); "would be good for

motivating me to exercise, telling me ‘go out for a walk.”” (P19, S4).

Participants also expressed interest in using Blossom to learn more about current news, health,
and technology. As noted by P9, "It could make my life easier by imparting information to
me. It gives me an opportunity to expand my thinking if it can answer questions.” (S3).
P14 compared Blossom to a teacher: "I can learn, like if | go to school or something, the
robot can show me something [...] giving me [new] information.” (S4). They speculated that
future systems with these capabilities would enable older adults to live more independently,

stating, "There is hope for tomorrow for us” (P24, S5).

Beyond providing reminders and assisting with daily tasks, more than half of the participants
(N=15) remarked on Blossom's usefulness as an in-home companion or conversational part-
ner. Many emphasised Blossom's role as entertainment to alleviate boredom and loneliness:
"It would be a good tool for people that don't really interact with human people" (P4,
S3). P22, in particular, preferred having Blossom as a conversational partner since "there is
dialogue [and] reciprocity” (S3). Similarly, P14 mentioned using Blossom to improve their
social skills and help them "get around, [...] talk better, understand people better” (S5).
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Table 5.9: Perceived usefulness and interest in continued use.

Statement Users
Useful for reminders and information 21 (96%)
Useful as a conversational partner at home 15 (84%)
Useful to support daily living and well-being 21 (96%)
Engaged in optional open dialogue 16 (73%)
Interested in interacting again due to novelty 10 (46%)
Uncertain about future use due to distrust 9 (41%)
Uncertain about future use due to lack of perceived usefulness 6 (27%)
Curious about Al and future robot capabilities 9 (41%)

In the last robot-administered session, most participants (N=16) chose to engage in an
optional open dialogue with the robot, showing their interest in interacting with Blossom
outside the study tasks. The majority (N=10) suggested topics of conversation and engaged
with Blossom to learn about geography and technology, discuss activities of interest, past

trips, and music, share childhood memories, and reflect on family and friends.

Many participants (N=10) expressed interest in future interactions due to Blossom's novelty:
"[ just want to know what she’s got to say. I've never talked to a robot before” (P10, S2).
They hoped HR| would better prepare them for the increasing role of Al in the future, "In

the future, we will have to get used to living with [robots and Al], and this is an experience
to get used to” (P17, S3).

Despite general interest, some participants (N=9) hesitated to continue interacting with
Blossom due to distrust in its capabilities and privacy concerns, "I'm afraid of being listened
to" (P24, S2). These participants doubted the accuracy of Blossom's speech: "I'm not for
sure if it's gonna give me the right answer. [...] It is man-made and it can make mistakes"
(P10, S3). Some participants mentioned that they "would have to be familiar with it" (P8,
S3) for future interactions. Additionally, hesitant participants (N=6) felt that Blossom would
not be useful in their daily lives, often remarking that they might forget about Blossom due

to other responsibilities, "Days might go by [l would] forget about he even there” (P7, S3).

5.3.4 Discussion

This work introduced LLM-powered SARs in the context of promoting and assessing cognitive
health in elder care. In a 5-week study, 22 older adults engaged in three weekly robot-
administered sessions to evaluate task performance, engagement, and user experience beyond
the novelty effect. Two task variations were alternated to minimise task memorisation and

an individual baseline was established through an initial human-administered session.
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A. Summary of Findings

The findings demonstrated the efficacy of SARs for in-residence cognitive support. Relative

to each research question (see Section 5.3.2.1), this study found that:

1. The conversational SAR successfully engaged older adults with varying cognitive abilities

in repeated weekly sessions of cognitive health-promoting tasks;

2. Participants improved task performance after three robot-administered sessions, with
a significantly enhanced level of detail, increased word count, and improved semantic
completeness in their verbal picture descriptions, fewer word repetitions in semantic

fluency, and a reduced need for hints by the administrator to complete the tasks;

3. Participants accepted the robot and found it increasingly easy to use over time, giving

it an average SUS score above 85.6 after the initial novelty wore off;

4. Participants perceived the SAR as a valuable tool to enhance thinking, increase focus,
and help them learn new skills; they were willing to interact with it in the future and,

in some cases, enthusiastic to have their own robot.

These contributions aim to inform the design of more accessible, personalised, and au-
tonomous robots that can effectively promote and assess cognitive health in elder care in

real-world settings beyond clinics.

B. Robots as Tools to Promote Cognitive Health

The study demonstrated the efficacy of SARs in engaging older adults in cognitive health-
promoting tasks. The role of the SAR was to act as a delivery mechanism for these interactive
cognitive tasks aimed at verbally engaging target populations. A critical factor for the suc-
cessful home deployment of SARs is their accessibility. Blossom was selected as the platform
for this study because it is affordable and could be quickly fabricated at the scale needed
for future deployments, making it a viable tool for broader use in elder care. Blossom is an
embodied robot that combines voice interaction with additional interactive capabilities that

can enhance user engagement compared to technologies that rely solely on voice.

The qualitative insights on user impressions and experience can inform the design of fu-
ture SARs, targeting long-term acceptance, engagement, and comfort among older adults.
Participants frequently reported cognitive benefits from their interactions with Blossom. Par-
ticularly, they perceived the robot as useful for enhancing thinking and memory recall, learning
new tasks, and maintaining focus — not only during study tasks but also in their awareness
and attention to detail in daily living. These self-reported benefits underscore the potential of
SARs to keep older adults cognitively engaged while supporting well-being through continuous

natural language interactions.
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While some participants initially felt uncomfortable engaging with Blossom, their discom-
fort decreased with repeated exposure (as seen in the anxiety ratings in Figure 5.12). After
repeated interactions, some participants also expressed that they developed an emotional
connection with Blossom. There were mixed perceptions about trust in the robot's advice
or suggestions, with participants with higher cognitive function (i.e., higher MMSE scores)
showing lower trust and more hesitant attitudes, possibly due to greater awareness of Al
and consequent privacy concerns. Nevertheless, trust scores increased over the study sessions
across the cohort (see Figure 5.12) and 75% of participants in the normal ageing cognitive

group chose to engage in optional open dialogue with the robot.

This finding highlights the importance of promoting familiarity and personalising interactions
between SARs and older adults. Tailored interactions that align with users’ interests and
cognitive abilities can increase trust and enhance the perceived cognitive health benefits
of the technology. This approach is particularly important for overcoming the challenges
associated with introducing voice technology to current older generations and individuals
with cognitive impairment. As suggested in previous research [145], a training period can
prevent confusion and discomfort. Along similar lines, this study leveraged the robot's agency
to promote familiarity and transparency of its interactive capabilities and limitations, including

the motor sounds and the time required for speech processing.

C. Considerations for in-Home Cognitive Assessment

Dementia is a growing concern worldwide as the population ages. This study was not focused
on clinical screening, hence pre/post-study cognitive outcomes were not measured. However,
the findings suggested the potential for using SARs as a delivery mechanism for cognitive
assessment in residential settings. Two tasks were implemented based on clinically validated
cognitive tools, allowing data collection on spontaneous speech and verbal fluency, which have
predictive value for early dementia screening [11, 122, 167]. Additionally, the data collected
were comparable to existing normative data across different age and cognitive groups (i.e.,
normal ageing and cognitive impairment), highlighting the potential of the technology as a

tool for relevant cognitive data collection.

Furthermore, repeated robot-administered sessions, conducted at weekly intervals with alter-
nated task versions, led to overall improvements in verbal fluency of both cognitive groups.
This finding highlights future opportunities for SARs to not only support assessments in
residential settings but also help to maintain cognitive health in elder care through regular,

personalised verbal HRI.

D. Design Implications

This work leveraged the linguistic abilities of LLMs to enable a SAR to administer interac-

tive cognitive health-promoting tasks. Compared to rule-based chatbots, the use of LLMs
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offers dialogue flexibility, a higher variability of responses, and the ability to understand and
adapt to the nuances of multilingual contexts. This capability makes the verbal interaction
more contextually relevant, engaging, and adaptable during the cognitive-health promoting
tasks. However, the integration of LLMs into SARs for real-world deployments, particularly
in unconstrained living environments, presents several design challenges and implications.
While LLMs excel at generating contextualised natural language responses, they can also
produce unpredictable or inappropriate content, especially in long-term, real-world living con-
texts where noise, data variability, and errors in speech recognition increase. Ensuring the

safe and reliable use of LL.Ms in these contexts is essential.
D1. Safe and reliable use of LLMs.

The study implemented an L M-driven moderator as a preventive measure designed to review
and filter the quality of LL M-generated responses before they were delivered to participants via
TTS. The purpose of this pilot safety mechanism was to ensure that all interactions remained
appropriate and constrained within the context of cognitive tasks. A review of post-interaction
transcripts confirmed that the LLM-generated responses were effectively constrained, with
no problematic statements that required automated intervention by the moderator LLM (i.e.,
regenerating a response or terminating the interaction). However, this Al-driven approach
relied on the same language model with a different prompt, hence it may suffer from the

same shortcomings, such as biases or inaccuracies in the information provided.

To mitigate these risks, a human-in-the-loop approach was followed, where a researcher over-
saw the sessions, with the ability to review the moderator’s output in real time and interrupt
the program if necessary. While effective in the study, this approach is not feasible for long-
term in-home applications. Therefore, it is important for future research to develop robust
methods to monitor LLM-generated speech and minimise problematic responses, particularly

among vulnerable populations.

There is growing recognition of LLMs as promising tools for auto-evaluation [132]. How-
ever, their reliability remains a topic of careful examination due to biases and inconsistencies
frequently observed in their judgment results [266]. Of particular relevance to this study,
recent work in LLMs for digital health has applied auto-evaluation to ensure the quality and
relevance of generated responses within the context provided [272]. Furthermore, Retrieval
Augmented Generation (RAG) techniques can be leveraged to ground LLM responses in a
curated and reliable knowledge base. This RAG grounding approach helps to mitigate hallu-
cinations, promotes factual accuracy, and allows the latest health and well-being knowledge
to be incorporated in LLM responses [188]. The integration of RAG is a promising avenue

for future iterations of this study.
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D2. Speech interaction dynamics.

Designing conversational Al for older adults requires careful consideration of speech inter-
action dynamics, including speech recognition, processing time, and communication break-
downs, as identified in the two studies presented before (see Section 5.1 and 5.2). These
challenges are compounded in older populations with cognitive impairments, with frequent
hesitations, pauses, and slower speech, all of which complicate turn-taking. It is important to

avoid interruptions during user speech, especially when users pause to find the right words.

Latency in verbal interactions was identified, stemming from the use of cloud-based TTS,
Whisper speech recognition, LLIM API calls, and connectivity issues in the retirement homes
where the study was conducted. These factors occasionally disrupted conversations, with some
participants (27%) interpreting it as a sign that the robot was indifferent or unresponsive to
their queries. These findings suggest that extended response times and interruptions can lead
to disengagement, highlighting the need for robust turn-taking, accurate speech recognition
in multilingual contexts, and adequate network infrastructure. Despite these challenges, user
engagement and high Enjoyment scores (see Figure 5.12) indicate that latency did not affect
overall robot acceptance. Additionally, participants learned to use the robot over the study
sessions and became more accepting of its limitations, including processing time, aided by

priming, which included transparency about the robot's speech processing time.

Response delays in verbal HRI due to issues with automatic speech recognition and response
generation are a well-recognized research challenge [162, 192, 277]. Effective spoken inter-
action with SARs requires dialogue systems capable of handling multiple communication
channels and quickly adapting to dynamic environments. Current cloud-based TTS and STT
systems, while more accurate and superior in vocabulary size than local speech recognisers,
often suffer from high latency, which disrupts verbal interactions. To enhance human-robot
engagement among older adults, SARs need to be more responsive in real-time, with inter-

ruptible, adaptable speech processes.
D3. Addressing privacy concerns and facilitating independent use.

Despite general interest in interacting with Blossom, 41% of participants hesitated to continue
using the robot due to distrust in its capabilities and concerns about privacy, particularly
regarding who might access and read their personal data. Interviews indicated that these
mistrustful attitudes were shaped by media coverage, and participants trusted the robot

more when they had a clear understanding of its capabilities and purpose.

Privacy concerns related to voice data collection remain significant among older adults [107,
149, 229, 234]. Addressing both research ethics (e.g., informed consent and data protection)
and societal ethics (e.g., integration of nonintrusive SARs at home) requires transparent

communication about the robot's functions, limitations, and data access protocols to foster
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long-term engagement, trust, and acceptance. Strategies could include priming with robot's
agency to set realistic expectations (as incorporated in our study design), and stakeholder
involvement throughout the design, initial evaluation, and deployment phases. Furthermore,
ensuring feature anonymity in voice analysis can prevent privacy threats associated with

speech processing [124].

Despite overall enjoyment and perceived usefulness, some participants reported lacking the
technical skills or training to operate the robot independently. To address this, this research
recommends that SARs include accessible training resources and consider the role of family

members or carers in facilitating interactions.

E. Limitations and Future Work

Despite targeting a diverse and multilingual population, the sample size was relatively small.
To improve the generalisability of the findings, future studies should include larger, more
culturally diverse cohorts to evaluate the feasibility of SARs for in-home cognitive support
across varied populations and settings. While the 5-week period was sufficient for evaluating
performance changes, engagement, and user impressions beyond the novelty effect, it did
not evaluate the long-term efficacy of SARs in daily, unsupervised living contexts. Future
research should focus on longer-term deployments to assess the role of SARs in continuous
cognitive health monitoring. Drawing from the work presented in Chapter 3, integrating SARs
that promote cognitive health with home monitoring technologies could further enhance their
ability to support safety and well-being by tracking behaviour, monitoring cognitive health,

detecting safety risks, and providing real-time updates to carers.

The study focused on two SAR-administered cognitive tasks based on validated tools: picture
description and semantic fluency. Future studies could target a broader range of cognitive
functions, including memory, attention, executive function, and problem-solving. Although
cognitive outcomes were not the primary focus of this study, future research could benefit
from incorporating pre- and post-intervention measures to directly evaluate the impact of

SARs on cognitive function.

To minimise task memorisation by older adult participants, the study design alternated two
variations of each task across five weekly sessions. The primary analysis compared task perfor-
mance between the first (individual baseline) and last session, following three weekly robot-
administered sessions. While a 2-week washout period was included between the same task
version, the potential for learning effects on task performance is acknowledged. Despite po-
tential learning effects, the performance improvements observed between the first and last
session support the primary goal of evaluating the feasibility of SARs as tools for promoting
cognitive health through verbal interactions based on clinically validated cognitive tools. To

that end, the weekly interactions lasted only 10 minutes, for a total of 30 minutes with
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the robot. This duration was considered sufficient to overcome novelty effects and enable
participants to evaluate the robot. However, many participants expressed interest in more
interactions with the robot, and increasing the duration or frequency of interactions may im-
prove cognitive task performance. Future work should therefore incorporate a more diverse set
of cognitive tasks to provide more opportunities for interaction and explore the relationship

between interaction time, cognitive health outcomes, and robot acceptance.

Another limitation highlighted by participants was the latency in verbal interaction with
Blossom. While this is a well-recognised challenge in spoken language interactions with
robots [162], these technological issues are being addressed by new tools such as OpenAl’s
Realtime API*2, which reduces latency by streaming audio inputs and outputs directly with

a persistent WebSocket connection to access GPT-40 — a promising area for future work.

Future study iterations with older populations could incorporate the suggested design features
for Blossom. These include more expressive facial features, ear movements, and personalised
interactions with an appropriate tone and topics of interest. Lastly, analysing the eye gaze data
collected during verbal dialogue with an LLM-powered SAR presents an intriguing avenue for
evaluating focus during cognitive tasks, which could provide additional insights into cognitive

function.

120penAl's Realtime API (https://openai.com/index/introducing-the-realtime-api/).
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5.4. Summary User Studies

5.4 Summary

This chapter presented three user studies conducted in the UK, India and the USA with stake-
holder involvement (N=111), including older adults, PLWD, carers, clinicians and dementia
care professionals. These user studies evaluated the acceptance of conversational robots, user

engagement, and feasibility of use in residential settings.

In Study 1, three participatory workshops were conducted to explore the role of conversational
Al for health and well-being support of target populations at home. This study uncovered the
perceived utility of verbal prompts to support routine, personalised conversations to enhance
cognitive function, and home integration to mitigate safety risks. Seven design guidelines were
proposed to provide meaningful, accessible and non-invasive home support, while addressing

barriers to long-term engagement.

In Study 2, a low-cost affective robotic platform was designed and validated for use in India,
demonstrating clinical potential for remote cognitive engagement. This work further evaluated
the acceptance and user engagement with three conversational robots (a voice agent, a virtual
robotic platform, and an embodied robot), assessing socioeconomic factors and feasibility of

home use in India by exploring the perceptions and concerns of stakeholders.

In Study 3, an LLM-powered SAR was designed and validated for in-residence cognitive
support in elder care, an approach that had not been tested before. The 5-week study showed
that the conversational robot effectively engaged older adults in repeated sessions of human-
robot verbal dialogue based on clinically validated tools, resulting in significantly increased
cognitive task performance, higher social engagement in robot-administered tasks compared

to those administered by a human, robot acceptance and overall interest in future use.

In conclusion, this chapter offered novel insights from real-world evaluation studies and stake-
holder perspectives on the use of conversational robots to support ageing and dementia care
in residential settings. These insights complement the technical findings of Chapter 3 and
Chapter 4, altogether taking a step forward into the design and deployment of conversational
Al for monitoring behaviour, mitigating safety risks, and collecting clinical data from longi-
tudinal verbal interactions to track cognitive health and automatically screen for cognitive

impairment.
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Chapter 6

Conclusion

This chapter summarises the main contributions of this dissertation, discusses limita-
tions, and describes future research directions that follow from this work. This chapter

concludes with closing remarks.
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6.1 Dissertation Summary

The goal of this dissertation was to design and evaluate conversational robots that verbally
engage with older populations and PL\WD to support well-being, enhance home safety and
monitor cognitive health at home. This research comprehensively reviewed the literature and

identified key gaps in the field:

o Longitudinal data collection with conversational technology at home;

o Sustained user engagement beyond the initial novelty phase, compounded by insufficient
stakeholder involvement to guide technology design and home deployments, and the

challenge of adapting verbal interactions to individual needs for personalised care;

o Limited generalisability and clinical applicability of ML approaches for automated cogni-
tive assessment from spoken language, compounded by the lack of out-of-clinic data to

validate predictive models.

The work presented in this dissertation draws from real-world evaluation studies and active
stakeholder involvement to advance the use of conversational Al to support well-being, in-
crease home safety, and collect longitudinal data from verbal interactions as a biomarker for
assessing the risk of cognitive impairment. The contributions and implications of each study

presented in Chapter 3, Chapter 4, and Chapter 5 are outlined below.

A. Behaviour Monitoring to Support Well-being and Home Safety (Chapter 3)

To explore the integration of conversational technology at home, this research conducted
a longitudinal deployment study (>1 year') in households of PLWD (N=14). Participants
interacted with a commercial conversational agent (Amazon Alexa) to complete a well-being
questionnaire and trigger topics of interest. In-home activity sequences were analysed using
data captured from remote monitoring devices (e.g., motion, vitals, use of kitchen appliances)

and conversational technology. This study revealed:

1. Assignificant decrease in user engagement after the novelty phase (p<.025), highlighting
the need to adapt voice interactions to individual needs and preferences for personalised

and proactive support in dementia care.

2. Technical feasibility of identifying trends and changes in behaviour based on household

activity that could indicate safety risks, changes in routines or well-being.

3. Participants continued using the technology after clinical events, suggesting future
opportunities for adaptive questionnaires to directly ask users for self-assessments of

health and well-being.

IIn-home activity and interaction data were collected over seven months on average across all households,
with the longest data collection period exceeding one year.
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Key contributions and implications: This study contributes novel insights and long-
term voice data collection in the homes of PL\WWD. The analysis demonstrated the feasibil-
ity of identifying behavioural trends by correlating activity data from remote monitoring
technologies with the use of conversational Al in smart homes. This approach provides a
basis for: 1) verifying health risks detected by remote monitoring technologies; 2) offering
proactive verbal support in response to safety risks, e.g., noting appliances to be turned
off, offering guidance in the event of perceived agitation or confusion; 3) encouraging

behaviours that promote well-being; and 4) initiating automated alerts.

B. Effectiveness and Clinical Applicability of Cognitive Health Predictive Modelling
from Spoken Language (Chapter 4)

This study introduced an interpretable ML approach for automated assessment of cognitive
health from spoken language with a focus on clinical applicability. The analysis included
ADRD detection in binary classification and MIMSE score prediction to assess the severity
of cognitive decline. A benchmark DementiaBank dataset (N=291) obtained during verbal
picture descriptions was used and model generalisability was validated on a pilot dataset

collected in-residence (N=22). The proposed ML approach demonstrated that:

1. In ADRD detection, a RF model trained on 100 NLP-based features achieved a ROC-
AUC of 85.7% (95% C1=83.8-87.6) on the benchmark DementiaBank test set and
65.4% (95% Cl=54.9-70.1) on the real-world pilot dataset.

2. In MMSE prediction, a RFR model achieved a MAE of 3.7 (95% CI=3.7-3.8), with a
comparable performance of 3.3 (95% C|=3.1-3.5) on real-world data, demonstrating

model generalisability and real-world applicability.

3. Risk stratification analysis improved model performance overall, resulting in a 13%
increase in specificity on the benchmark DementiaBank dataset and a 21% increase on

the real-world dataset.

4. Reduced analytical thinking, increased reliance on pronouns and adverbs, greater dis-
fluency, lower lexical diversity and reduced use of words reflecting a psychological state

of completion contributed to higher ADRD risk.

Key contributions and implications: This work contributes to: 1) the clinical appli-
cability of cognitive predictive modelling from spoken language; 2) informing clinicians
about changes in language most predictive of cognitive decline; and 3) improving health-
care resource allocation by identifying higher-risk individuals. The proposed ML approach

shows promise for integration with conversational technology at home for accessible and
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scalable monitoring of cognitive health from verbal interactions. This could facilitate ear-
lier detection of higher-risk individuals, allowing clinicians to prioritise those requiring

immediate attention, further diagnostic workup, and timely intervention.

C. Design Guidelines for Leveraging Conversational Al in Dementia Care
(Chapter 5 Study 1)

The previous chapters discussed the potential of conversational Al to monitor behaviour,
support well-being, and assess cognitive health through verbal interactions. Realising this po-
tential requires more than technological development — it is essential to incorporate real-world
perspectives and experiences from stakeholders to address existing gaps in long-term user en-
gagement and technology acceptance. To address these gaps, three participatory workshops
were conducted involving stakeholders with lived experience with dementia (N=20). This

study provided expert-informed insights on:

1. The perceived benefits of using conversational Al to support daily tasks and well-
being. Participants valued the ability to support daily routines with personalised verbal

prompts, mitigate safety risks, and support cognitive function.

2. Key barriers to long-term adoption, which include accessibility, trust, and reliance on

carers for technology operation.

3. Design considerations that can help address these barriers: adapting interactions to
individual needs and cognitive abilities; promoting familiarity with technology; using
a task-based and encouraging communication style that respects user autonomy; and

ensuring transparency of technology capabilities to avoid mistrust.

Key contributions and implications: By incorporating stakeholders’ invaluable per-
spectives, this study proposed seven detailed guidelines on how to leverage conversational
Al for long-term engagement and meaningful support at home while addressing existing

challenges of home deployments.

D. Cultural Feasibility of Conversational Robots in India (Chapter 5 Study 2)

Health inequality significantly increases the impact of dementia in underprivileged and lower
socioeconomic communities [119, 153]. The challenge of dementia in India stands out due to
its vast population and high incidence rates, limited resources, poor clinician accessibility, and
a striking 90% gap in diagnosis and care [62]. Aiming to address this gap, the first cultural
feasibility study of conversational robots in India was conducted. A low-cost affective robotic
platform was designed and validated with older adults (N=26) and PLWD (N=14). The study
further explored the perceptions and attitudes of stakeholders (N=29) towards the adoption
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of conversational robots through HR! evaluation with three conversational robot platforms

and identified the socioeconomic barriers that inhibit home integration in India. This study

showed that:

1. Robot-assisted cognitive engagement sessions with PL\WD were feasible in India, which

had not been tested before, and the low-cost affective robotic platform designed was

culturally validated among target populations.

. Adaptations to robot design and implementation are essential for cultural feasibility
in India, including: enhanced speech processing for local accent interpretation; appro-
priate communication style and appearance through tone, choice of words and facial
expressions customisable by the user; and a phased introduction to promote familiarity

with technology starting in clinics.

Key contributions and implications: This research introduced the first robot for

dementia care in India, highlighting its clinical potential for remote cognitive engagement.

It also paved the way for a more inclusive and culturally aware robot design for long-term

user engagement and feasibility of implementation in India.

E. Efficacy of SARs for In-Residence Cognitive Support (Chapter 5 Study 3)

To investigate the feasibility of using LLM-powered SARs to promote and assess cognitive

health, this work implemented human-robot verbal dialogue in cognitive tasks based on clin-

ically validated tools and conducted a 5-week within-subjects study involving older adults

(N=22) living in retirement homes. This study revealed:

1. Task performance increased after three weekly robot-administered sessions, with signif-

icantly more detailed picture descriptions, fewer word repetitions in semantic fluency,
and fewer hints required from the administrator to complete the tasks (p<.01). Ad-
ditionally, there was an overall increase in the number of unique task-relevant words

recalled in the last session during the semantic fluency task.

. The conversational robot engaged older adults in repeated HRI| sessions aimed at pro-
moting cognitive health, with significantly higher social engagement in robot-administered

tasks compared to those administered by a human (p<.05).

. Older adults accepted the SAR in this context, recognised its utility for enhancing
cognitive abilities, including focus, thinking, and learning new skills, and expressed

interest in future use.
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Key contributions and implications: This study contributes novel insights into the
efficacy of LLM-powered SARs to promote cognitive health in elder care within residential
settings. With consistent use, for which accessibility and personalised interactions are key,
SARs could ultimately monitor and assess cognitive health through human-robot verbal

interactions and identify individuals requiring more comprehensive diagnostic evaluation.
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6.2 Limitations

While this dissertation presents advancements in the use of conversational Al to support well-
being and home safety, specifically for behaviour monitoring and automated cognitive health
assessment, limitations of the work are acknowledged. Each study discussed the limitations
in their detailed context. This section discusses limiting factors and open challenges in the
broader context of in-home behaviour monitoring, longitudinal interactions with conversa-

tional technology, and predictive models for screening cognitive impairment.

Ground truth and longitudinal data collection. A key challenge identified in this research is
establishing ground truth for validating predictive models, individual behavioural patterns
and safety risks at home. Obtaining ground truth for well-being and behaviour monitoring
requires an appropriate balance to have sufficient labelled training data while respecting
user privacy at home. Furthermore, this research argues that longitudinal data collected
with conversational Al could provide valuable insights into cognitive health based on spoken
language patterns. However, collecting such data in-residence is challenging, user engagement
in target populations is low, which limits the amount and quality of data collected over time,

and there is a lack of out-of-clinic patient data for validating ML models.

Privacy vs. in-home monitoring. The deployment of in-home monitoring technologies in real-
world evaluation studies presents considerable challenges. While monitoring systems and au-
tomated interventions hold strong potential to enhance health and well-being, their success
relies on sustained user engagement and acceptance. Privacy was identified as a major con-
cern among older adults and people affected by dementia involved in the user studies (Chap-
ter 5), many of whom were hesitant to share personal data and perceived the technology
as intrusive or overly complex. Participants in the year-long deployment study (Chapter 3)
also raised concerns about having their voice interactions recorded and stored, which re-
sulted in a reduced use of conversational technology over time. Addressing these concerns
requires thoughtful design with active stakeholder involvement, which this work addressed in
Chapter 5. As discussed in the chapter, stakeholder feedback indicated that transparent com-
munication about data usage, access, and its limitations can promote technology acceptance
among target populations. Ethical issues about the collection of identifiable voice data and

sensitive medical information remain limiting factors in home deployments.

Data quality and bias. Data-driven approaches, such as the automated assessment of cogni-
tive health from spoken language (Chapter 4), rely heavily on the quality and representative-
ness of the data. Biases in the data can lead to skewed results, limiting the generalisability
and clinical applicability of the findings. Additionally, the use of spoken language data publicly
available or collected predominantly from white, English-speaking populations raises concerns
about the models’ screening applicability to more diverse groups. In the analysis presented in

Chapter 4, the benchmark DementiaBank data were assessed for biases in age and sex, but
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ethnicity information was not available. Model generalisability was validated on a largely dif-
ferent cohort representing a diverse ethnic group and including English and Spanish-speaking
participants using automated translations. However, future studies should include larger and
more culturally diverse datasets, and models should be fine-tuned to account for additional
confounding factors, such as education level, technology familiarity and socioeconomic sta-
tus. Furthermore, transcription errors introduced by ASR systems can influence the accuracy
of the extracted linguistic and acoustic features. These limitations must be balanced against
the need for automated tools, from data collection through pre-processing to analysis, that

function effectively in real-world settings, where human annotation is impractical.

Participant cohorts and long-term efficacy at home. While this research involved a diverse
group of stakeholders (N=111) through user studies conducted in the UK, India, and the USA
(Chapter 5), the focus was primarily on user perceptions, first impressions and engagement
in HRI. Future work should explore the long-term efficacy of conversational robots in daily,
unsupervised living contexts to better understand their potential for sustained use and impact
on health and well-being. It is also important to acknowledge the inherent challenges in
engaging people affected by dementia in research, particularly in recruitment and adherence

to information governance protocols.

Interactions with conversational technology. Most interactions with commercial smart speak-
ers, such as Amazon Alexa, or mobile applications, such as Siri, require an invocation name
for activation, which users may not always recall. Additionally, these systems include a limited
response window?, which often disrupts verbal interactions. Current cloud-based TTS and
STT systems, while more accurate and superior in vocabulary size than local speech recognis-
ers, often suffer from high latency. Response delays, speech recognition errors and the ability
to handle user pauses without interrupting are well-recognised challenges in spoken language
HRI that remain unresolved [162].

Reliable use of LLMs. In this research, LLMs were used to identify topics from interactions
with Amazon Alexa (Chapter 3), extract vector representations from audio data to train ML
models (Chapter 4), and generate contextual dialogue in robot-administered cognitive tasks
(Chapter 5 Study 3). The integration of LLMs into conversational robots holds potential to
improve dialogue flexibility and multilingual interpretation. However, the ethical implications
of deploying these systems for content generation must be carefully considered to ensure
that they promote user well-being and independence. Risks associated with LLMs, such as
misinformation, could be mitigated by implementing robust methods to moderate LLIM-
generated content and filter problematic responses. A pilot safety measure using a moderator
was discussed in Chapter 5 Study 3, however the experiments presented relied on a human-
in-the-loop approach to mitigate risks. Developing such solutions for automated moderation

remains an open research challenge.

2For instance, Amazon Alexa includes a default 8-second window before timing out.
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6.3 Future Directions

This research offers contributions that support the larger vision of using conversational
Al to support well-being, increase home safety, and collect longitudinal data from
verbal interactions as a biomarker for assessing the risk of cognitive impairment.
The findings of this dissertation, their implications and the limitations previously discussed

point toward future research directions.

Conversational technology integrated into the home environment with additional monitoring
tools could offer a more holistic view of an individual's health and well-being by actively
querying users for self-assessments and capturing their observations and concerns — subjective
insights often missed by passive monitoring systems alone. This way, voice could serve as an
additional modality for in-home monitoring and complement data collected from other sensors
tracking activity, behaviour, or sleep, which predictive models could use for remote monitoring

of comorbidities, such as the risk of agitation or infections [38].

Conversely, subjective data collected over time can be used to tailor verbal interactions to
individual needs and preferences, taking a step forward to proactive personalised care. While
achieving such adaptation of conversational systems remains an open research challenge, it
could promote long-term user engagement. Furthermore, conversational Al could encourage
behaviours and actions that promote well-being, helping with modifiable risk factors such as
social isolation or physical inactivity. In particular, weekly verbal dialogue based on validated
cognitive tools with conversational robots could promote cognitive health by increasing focus,

stimulating thinking and learning, as demonstrated in this research (Chapter 5 Study 3).

If well-integrated in the home environment, conversational Al could verify safety risks de-
tected by other technologies, reducing model uncertainty. It could also provide proactive
verbal support in response to safety risks detected (e.g., noting appliances to be turned off,
offering guidance in the event of confusion) and initiate automated alerts to inform relevant

stakeholders, facilitating appropriate interventions.

Additionally, this research demonstrated the potential for using longitudinal voice data col-
lected in-residence via conversational Al to monitor cognitive health and identify individuals
at higher risk of cognitive impairment based on spoken language patterns (Chapter 4). This
realisation could pave the way for scalable, non-invasive and cost-effective screening of cog-

nitive health in community care settings.

In addition to the research directions and open challenges previously outlined, this research

proposes two areas for future investigation:

Multimodal data for in-home monitoring of health and well-being. This work identified be-
havioural trends by correlating activity data from remote monitoring technologies with the

use of conversational Al in smart homes (Chapter 3). The identified trends and changes in
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behaviour could be tied to clinical information and individual comorbidities. A conversational
agent could proactively ask users for health self-assessments and verification of safety risks,

which could lead to well-being insights.

Longitudinal monitoring of cognitive impairment risk. Previous research has explored the
feasibility of predicting the progression from MCI to AD [11] using speech recordings from
interviews in NPT. However, the potential for such an assessment using out-of-clinic data
remains underexplored. Collecting longitudinal data from target populations at home over
the years could enable continuous monitoring of the progression of cognitive impairment over
time. To realise this potential, it is essential to overcome challenges of in-home deployments
and long-term engagement. The user studies presented in Chapter 5 could be expanded by
incorporating regular feedback in home settings to ensure sustained use and engagement with
technology over years. The resulting data would be analysed in a way similar to that described

in Chapter 4, with potential to monitor cognitive health from spoken language.
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6.4 Closing Remarks

This dissertation argued the potential of using conversational Al to support well-being in
ageing and dementia care, increase home safety, and collect voice as a biomarker to assess

the risk of cognitive impairment.

Despite the increasing promise of conversational technology and SARs for home support, user
engagement in target populations is low, longitudinal data collection in-residence is challeng-
ing, adaptation of interactions for personalised care is unresolved, and the use of clinically

applicable models for automated screening of cognitive impairment is not established.

This research presented a year-long deployment of conversational technology in the homes of
people affected by dementia. By analysing activity sequences in smart homes, it demonstrated
the potential for behaviour monitoring to support well-being and safety. Conversational Al
could provide proactive verbal support in response to safety risks and gather well-being insights
from subjective experiences and self-assessments of health, complementing data collected by

other smart home monitoring sensors.

Furthermore, this work evaluated the use of spoken language as a biomarker for automated
screening of cognitive health. Predictive models trained on interpretable linguistic features
effectively detected ADRD and predicted the severity of cognitive impairment via MMSE
scores. The ML approach demonstrated generalisability on data collected in-residence and
identified the linguistic features most strongly associated with the risk of cognitive impair-
ment. This approach could serve as a basis for accessible in-home monitoring of cognitive
health from voice interactions with conversational Al, enabling earlier detection of higher-risk

individuals and timely intervention.

Realising this potential requires addressing key gaps in long-term user engagement, technol-
ogy acceptance, and feasibility of home use. To do so, this research presented three real-world
evaluation studies conducted in the UK, India, and the USA with active stakeholder involve-
ment. Design guidelines were outlined for leveraging conversational Al to provide meaningful
support in dementia care at home. A cultural feasibility study of conversational robots in In-
dia was further introduced. Additionally, the efficacy of LLM-powered SARs for in-residence

cognitive support was validated.

In conclusion, this dissertation takes a step forward in using conversational Al to verbally
engage with users at home to support well-being and safety while serving as an accessible

tool for automated screening of cognitive impairment.
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Appendix

Al Key Studies Reviewed

This section details comprehensively the key human-robot interaction studies that have de-
signed, evaluated, or tested different SARs platforms with speech-based interfaces targeting

older adults and individuals with cognitive impairment.

Table A1.1 summarises the main research contributions, domain applications, and limitations
of representative HRI studies. With the aim of identifying open challenges and proposing
future directions, this review evaluated the following key design and functional characteristics

of SAR:

o User-centred design. Has the robot followed a user-centred design, in that has it been
designed specifically to support the target population (older adults and PL\WD), or have

end-users been involved in the design process of the social robot? (Q1);

o Personalisation. Does the robot include some form of personalization to user profiles

or preferences? (Q2);

o Conversational ability. |s the robot capable of two-way autonomous conversations?
(Q3);

o Accessibility. Does the robot demonstrate a design trade-off in its mechatronic com-
ponents, in that have cost and ease of use been considered in the design process? This
would facilitate worldwide deployment and scalability. It should be noted the devel-
opment of simpler robotic platforms must not compromise the desired affective and

functional abilities of SARs (Q4).
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Table Al.1: Summary of key HRI studies reviewed. Studies using distinct conversational SARs
to support ageing and dementia care were selected. Applied roles for mental health support were
evaluated. Note that robots may include additional roles. ss: session; wk: week; HS: healthy
seniors; NN: not known; NA: not applied; Q1: User-centred design; Q2: Personalized behaviour;
Q3: Autonomous conversations; Q4: Design trade-off for scalability.
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Appendix

A2 In-Home Behavioural Analysis

Table A2.1: Comparison analysis of clustering methods. Silhouette score was used as a mea-
sure of coherence to compare different clustering methods with 16 clusters. The total number of
utterances clustered accounts for the cohort of participants. Note a pre-trained language model
was applied to embed each utterance into a 768-dimensional vector.

Clustering Method Silhouette
K-Means 0.326
Hierarchical Clustering 0.317
Gaussian Mixture Models 0.308
Spectral Clustering 0.317
Total utterances 6965

Table A2.2: Distribution of topic triggers by time of day and novelty period. Distribution
of relevant topics in the morning (before 12:00), afternoon (between 12:00 and 17:00 exclusive)
and evening (from 17:00) slots for each participant, represented in percentage. The total counts of
topic triggers are also shown for the two periods analysed. Note that numbers in bold are the ones
used to describe the results.

Novelty period Post-novelty period
PID Topic total mor aft eve total mor aft eve
P2  Weather 25 68 12 20 190 853 10.5 4.2
P2  Timers 1 0 100 0 216 53.7 412 5.1
P6  Entertainment 9 55.6 444 0 27 51.6 444 3.7
P6  Reminders/Time/Date 12 66.7 25 83 19 526 421 5.3
P12 Weather 12 75 16.7 8.3 8 625 125 25
P14 News 4 50 0 50 9 667 333 0
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Appendix

Table A2.3: Cluster distributions within the selected time period. Supplementary information
for each time period analysed in Figure 3.8, including: start and end dates; total weeks considered;
distribution (%) of activity sequences across morning, afternoon, and evening; cluster distribution
of sequences within the selected time period. Note that bold numbers highlight key results for each
time period analysed.

Time Period Time Slot (%)  Cluster in Period (%)
ID Start date End date wk mor aft eve ¢y o cy cly

X1 2022-04-03 2022-05-07 6 61.1 330 59 847 91 53 05
X2 2021-10-23 2021-11-13 4 947 53 0 56 16.7 77.8 NA
X3 2021-11-09 2022-01-21 11 100 0 0 19 222 11.1 648
X4 2022-01-25 2022-04-07 11 100 0 0 7 18 18 214

Table A2.4: Cluster distributions outside the selected time period. Supplementary information
for each time period, with cluster distribution of activity sequences outside the selected time period.
Note that bold numbers highlight key results for each time period analysed.

Time Period Time Slot (%) Cluster outside Period (%)
ID Start date End date wk mor aft eve ¢y cy cly cly

X1 2022-04-03 2022-05-07 6 61.1 330 59 119 378 34.1 16.2
X2 2021-10-23 2021-11-13 4 947 53 0 348 439 21.3 NA
X3 2021-11-09 2022-01-21 11 100 0 0 574 90 41 29.5
X4 2022-01-25 2022-04-07 11 100 0 0 242 183 833 49.2
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A3 Cultural Feasibility Study in India

Table A3.1: OME metrics used to assess engagement during HRI sessions.

OME metric ID Scale

7 very attentive

6 attentive

5 somewhat attentive
Attention to stimulus during engagement Al 4 not attentive

3 somewhat disruptive

2 disruptive

1 very disruptive

7 very positive

6 positive

5 somewhat positive
Attitude to stimulus during engagement A2 4 neutral

3 somewhat negative

2 negative

1 very negative

5 very difficult

4 difficult

3 moderately difficult
2 slightly difficult

1 not at all difficult

0 could not determine

Cognitive difficulty with task cD

3 most or all the session
2 some of the session

Disruptive frequency rate D1 1 a little (less than 20 sec)
0 none
3 most or all the session
. . 2 some of the session
Distraction frequency rate D2

1 a little (less than 20 sec)
0 none
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Table A3.2: Engagement metrics assessed from video analysis. Engagement assessment from
video analysis with the behaviours observed for each category (emotional, visual and verbal).

Engagement Metric Behaviour Observation

Emotional engagement

Positive Smiling, laughing to robot. Greeting the robot with gestures.
Overall positive attitude and facial expressions communicating
with the robot.

Negative Shows anger, anxiety or fear, or sadness. Physical aggression,
yelling, cursing, drawing eyebrows together, pursing lips, narrowing
eyes. Crying, frowning, eyes drooped, moaning, sighing, eyes/head
turned down. Voice shaking, shrieking, repetitive calling out, line
between eyebrows, tight facial muscles.

Neutral No sign of discrete facial expression

Visual engagement

Engaged Appears alert and maintaining eye contact with robot. Eyes fol-
lowing robot or looking at robot.

With facilitator Appears alert and maintaining eye contact with facilitator or oth-
ers. Eyes following facilitator or others. Looking at facilitator or
others.

Not engaged Appears inattentive; blank stare into space. Does not make eye

contact with robot.

Verbal engagement

Positive Participating and verbally responding to the robot's state-
ments/questions. Willing to maintain a conversation.
Negative Not participating and maintaining conversation. Uses repetitive

generalized answers such as ‘fine,” ‘yes,” and ‘no.” Not responding
when prompted. Verbalizes the desire to leave. Refuses to partic-
ipate. Lack of response.
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Table A3.3: Items used in the robot acceptance questionnaire.

Theme ID Description Items
. I The perceived ability of the The robot is a pleasant conver-
Perceived sociability  SOC 1,4 'y perform sociable sational partner.
behaviour The robot could improve my so-
cial interaction skills.
Perceived f EAS The degree to which one | could interact with the robot
erceived ease ot use believes that using the robot without any help.
would be free of effort | could use the robot indepen-
dently if | had a set of instruc-
tions.
The degree to which one | would find the robot useful in
Perceived usefulness USE Dbelieves the robot would be my life at home.
assistive in the daily context at  The robot could help in activi-
home ties of daily living (such as tak-
ing vitals).
The robot could support wellbe-
ing and independence at home.
Anxiet ANX Evoking anxious or emotional If | were to use the robot at
y reactions when using the robot  home, I would be afraid to make
mistakes with it.
| find the robot intimidating.
Trust TRU The belief that the system I would trust the robot when it

performs with personal integrity
and reliability

gives me advice.
| would follow the advice the
robot gives me.

Table A3.4: OME results in robot-assisted cognitive engagement. Results from the OME,
which considered the following parameters to assess engagement during robot-assisted clinical ses-
sions: participant’s attention on a scale of 1 (very disruptive) to 7 (very attentive); attitude to
stimulus rated on a scale of 1 (very negative) to 7 (very positive); duration of engagement (time
until not interested); frequency rate, 0 (none) to 3 (most or all the session), of talking to the robot,
talking about the robot with the nursing assistant, being disruptive or distracted. The measures
were observed by a trained nursing assistant.

Measure Session 1  Session 2 Session 3
Attention Average 7 6 5

Highest 7 7 7
Attitude Average 4 4 3

Highest 6 4 4
Duration of engagement Omin35s 10min47s 18 min1ls
Talking to the robot 3 3 3
Talking about the robot 0 0 0
Disruptive 0 0 0
Distracted 0 1 2
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A4 Picture Description Cognitive Task

Figure A4.1: Cookie Theft picture. This picture is used in NPT and taken from the Boston
Diagnostic Aphasia Examination.

Figure A4.2: Picnic Scene picture. This picture is used in NPT and taken from the Western
Aphasia Battery-Revised.
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A5 LLM-Powered Robot-Administered Cognitive tasks

Table A5.1: LLM-generated response parameters. Input parameters used in OpenAl's API

calls.

M. R. Lima

Parameter Value
model GPT-40
messages <transcript>
stop null
temperature 1
frequency_penalty 0
presence_penalty 0
max_tokens 256
top_p 1
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Table A5.2: Groups used in LLM-generated hints during verbal cognitive tasks. Groups
used in picture description and semantic fluency tasks with pre-defined areas and actions. The
content units for the picture descriptions were selected based on literature about neuropsychological
evaluations [106].

Groups Examples of content units and words

Picture: Cookie Theft

Boy brother, stool, falling, reaching, cookies, jar

Girl sister, laughing, reaching, help

Woman mother, sink, washing, dishes, water, overflowing
Atmosphere disaster, mess, chaos, family

Feelings excited, determined, distracted, anxious, sneaky, curious

Picture: Picnic Scene

Couple picnic, reading, book, drink, basket, radio
Boy kite, dog, water, edge

Child beach, playing, sandcastle, spade

People fishing, jetty, pier, sailing, water, boat
Obijects car, garage, flag, flying, tree, house

Semantic Category: Animals

Pet Dog, cat, hamster, guinea pig, fish, rabbit
Jungle Lion, tiger, elephant, wolf, bear, gorilla

Can fly Bat, eagle, sparrow, owl, falcon, pigeon

Ocean Whale, shark, dolphin, octopus, sea turtle, squid
Farm Cow, sheep, goat, horse, pig, chicken

North pole Polar bear, penguin, seal, walrus, reindeer

Semantic Category: Fruits

Citrus Orange, lemon, lime, tangerine, clementine

Yellow Banana, mango, lemon, pineapple

Tropical Mango, pineapple, coconut, passionfruit, kiwi

Berries Strawberry, raspberry, blackberry, blueberry, cranberry
With a pit Peach, plum, cherry, apricot, mango

Used for juices Strawberry, blueberry, grape, orange, mango, apricot
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Table A5.4: Acceptance scores for robot-administered sessions. The results are presented as

mean (SD).

M. R. Lima

Session Sociability Enjoyment Usefulness Anxiety  Trust
S2 4.4(0.7) 4.7(0.5) 42(0.8) 4.4(0.6) 3.5(1.2)
S3 4.5(0.6) 4.7(0.6) 42(1.0) 4.7(04) 3.5(1.2)
S4 4.6(0.6) 4.7(0.6) 42(1.0) 4.7(0.5) 3.7(1.2)
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A6 Ethics Approval IRB

This section details the IRB approval by the University of Southern California (UP-24-00154),
including the official approval (after amendment), the study protocol, and the updated
IRB. All documents in this IRB submission were created by the author (Pl: Professor Maja
Mataric).
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Study Title: Promoting Cognitive Health in Elder Care Using Socially Assistive Robots

Principal Investigator: Prof. Maja Matari¢

Study Procedures

1. Background/Rationale

As the world population ages, the number of people living with dementia is increasing, with 10
million new cases each year [1]. An estimated 6.7 million Americans aged 65 and older are living
with Alzheimer's in 2023 [2]. There is a strong need for accessible technologies that can promote
cognitive health and detect early signs of cognitive deterioration leading to more comprehensive
evaluation by medical professionals.

2. Purpose/Objectives/Aims/Research Questions

This study aims to investigate the feasibility of using socially assistive robots (SARs) to promote
and assess cognitive health in older adults. We will conduct a within-subjects 5-week study with
three consecutive weekly sessions with a SAR and two with a human. Each session will include
two interactive cognitive tasks aimed at promoting and assessing cognitive health. In both the
human and robot sessions, the administrator will act as a coach, providing hints during a series
of interactive tasks based on validated cognitive tools. By using a human baseline in the first
session, we aim to assess task performance and absolute learning after three weekly sessions
with a SAR. We also aim to evaluate robot acceptance in a cognitive assessment and support
context. Additionally, we aim to explore how older adults engage with the robot and how much
they enjoy interacting with the robot.

This within-subjects 5-week study will pursue the following research questions to explore how to
engage target populations with SARs to promote and assess cognitive health:

Q1 How well do older adults accept a SAR that administers cognitive tasks?
Q2 How does the older adult’s task performance change in three weekly sessions with a SAR?

Q3 How much does the older adult’'s task performance change in the same cognitive tasks
administered by a human after three weekly sessions with a SAR?

Q4 What are the attitudes and experiences of older adults who interact with a SAR in this context?



3.

4.

Participants (sample)

a)

b)

d)

e)

We will recruit 20 participants aged 65 and older. Participants will be recruited from Front
Porch, a partnering collaborator of the USC Interaction Lab. See support letter in Section
6d.1.10.

Describe the inclusion and exclusion criteria for enroliment.

i) Inclusion criteria: older adults (aged 65 and older) who are fluent in English or
Spanish and with normal or corrected-to-normal hearing. We will recruit
participants who are fluent in English or Spanish because the robot speaks these
languages and the study personnel are English and Spanish speakers.

ii)  Exclusion criteria: Inability to consent to the study information sheet. Vision or
hearing impairments that preclude hearing and seeing the robot.

We will aim for gender balance in the participant cohort. Ideally, half of the group will self-
identify as female, and the other half as male. Other genders will also be welcome though
unlikely in the population being recruited. The study gender distribution is constrained by
the resident population at Front Porch and their willingness to participate in the study.
Regarding race and ethnicity, we aim for diversity, and ideally, no more than half of the
cohort will be White/Caucasian. This is also constrained by the distribution of residents at
Front Porch and their willingness to participate in the study.

No children will be included because the research is aimed at older adults and age-related
cognitive screening and support.

Recruitment/Screening Process (sampling strateqy)

a)

b)

d)

Our partnering collaborators at Front Porch will recruit participants by posting flyers in their
residential locations. Front Porch will engage with participants interested in the study,
organizing and coordinating times for the human-robot interaction sessions.
Interested participants who meet our criteria from Section 3 will complete a consent form.
i)  Front Porch will share a printed version of the consent form with participants.
ii)  Front Porch will request a phone number to contact participants via phone call to
remind them of their sessions.
i) A day before each appointment, a reminder phone call will be made by study
personnel to the participant including the day, location, and time of the session.
Recruitment methods: our collaborators at Front Porch will recruit participants by posting
flyers in their residential locations.
Recruitment materials:
i) A recruitment flyer will be distributed in Front Porch’s residential locations - See
Section 24.2: Flyer.
ii) Before the participants start the study, an information sheet and consent form will
be provided and filled out by each participant.

5. Methods



a) Project Description

Recruitment and Consent:

i)  Ourrecruitment process will be coordinated by our partners at Front Porch. Flyers
will be posted in multiple Front Porch residential locations.

ii)  The project description and consent form will be shared in print with participants
prior to the first day of the study.

iii)  Front Porch will phone call participants a day before each appointment to remind
them of the session, including the day, location, and time of the session.

iv)  Participants will be informed that audio and video will be recorded.

v) Participants will be informed that the data collected during the study could be
shared in anonymized form for research purposes. All the responses from the
participants will be anonymous.

Study Procedure:

The study will consist of five sessions conducted over five weeks, as shown in Figure 1.
Participants will engage in three consecutive weekly sessions with a SAR, starting with an
initial human-administered session to establish a baseline for each participant. The final
session will also be human-administered to assess performance after the three weekly
robot sessions and evaluate absolute learning. During each session (human and robot-
administered), the task administrator will provide instructions and offer encouragement
and hints when necessary. We will use two versions of each task, alternating between
them in the sequence V1, V2, V1, V2, V1 such that the first and last human-administered
sessions have the same task version. These versions are based on validated cognitive
tools and include slight variations in content (for instance, in the picture description task,
a different picture will be used) to prevent participants from learning the tasks by memory
over time.

Week w1 w2 w3 w4 W5

Task version vi V2 V1 V2 V1

Administrator HUMAN ROBOT ROBOT ROBOT HUMAN

Task performance & engagement in 3 weekly robot sessions
Baseline: learning after 3 weekly robot sessions

Fig. 1. Within-subjects 5-week study design. Two task versions will be used (V1, V2) in three
consecutive sessions with a SAR in addition to two human-administered sessions in the first and
last weeks.



Each session is expected to last 30-45 minutes. Participants will engage in interactive
cognitive tasks based on validated cognitive assessment tools. On the first day of the
study, participants will bring the consent form, which they will have received previously
and had time to read and voluntarily agreed to participate by signing the form.

Each session will start with the researcher explaining the overall motivation and objectives
of the study, and answering questions or concerns from the participant (five minutes). The
researcher will follow a script to maintain consistency across sessions and participants.

In robot-administered sessions, the researcher will introduce the robot and briefly explain
how to interact with the robot before proceeding with cognitive tasks, each of which will
take up to seven minutes to complete and be followed by a short pause of less than five
minutes. Participants will engaged in these two cognitive tasks:

e Task 1: Picture description, adapted from the Boston Diagnostic Aphasia
Examination [3]. The administrator (human or robot, as shown in Fig. 1) will direct
participants to a printed picture and prompt them to describe everything they see
in the picture. The administrator will encourage participants to maintain
engagement, offering hints when there are long pauses, guiding their attention to
specific regions in the picture.

e Task 2: Semantic task, adapted from the Addenbrooke’s Cognitive Examination
[4]. The researcher will ask participants to name as many words as possible within
a given category, such as animals or fruits. The administrator (human or robot, as
shown in Fig. 1) will encourage participants to keep engaging, providing hints
about additional words not yet mentioned by the participant.

In all sessions, we will collect data through audio and video recordings, observations, and
questionnaires. In the first session only, participants will complete demographic and
personality questionnaires (see details in Instrumentation below). In addition, participants
will complete the following questionnaires after the interactive cognitive tasks in robot
sessions:

e The robot acceptance and experience questionnaire based on the Almere model

of technology acceptance, tailored for SARs in geriatric care [7].
e The system usability scale questionnaire [8].

In the last human-administered session, participants will complete the Mini-Mental State
Examination (MMSE), a standard tool that assesses five areas of cognitive function:
orientation, registration, attention and calculation, recall, and language. It takes only 5-10
minutes to administer. The maximum score is 30, which will be calculated following
previous research and available guidelines [9].



Data management and privacy:

Video and audio recordings will be made using a camera outside of the robot. The data
will be uploaded to HIPPA-compliant locked cloud storage tools that are accessible only
to authorized researchers. Consent forms and other confidential data will be placed in a
locked location and not disclosed to third parties. Identifiable study data will only be
available to researchers on this IRB.

Dissemination:

All publishable results of this work will be shared in conference and/or journal publications,
using only de-identified aggregate statistics. One possible outcome of this data collection
is the creation of a dataset that could be used for training machine learning models
targeting dementia screening from cognitive tests. Therefore, we may make available by
request anonymized features derived from recorded patient speech and video; such data
sharing is standard because those features cannot reconstruct the participant identities,
they are purely numerical and do not include original audio or video, and are numerically
processed through machine learning-based feature extraction methods.

b) Instrumentation

i) We will use Blossom, a safe, affordable, and versatile stationary, table-top, soft,
affective robot platform with interactive capabilities that is 3D-printed, low cost, and
open source (see Fig. 2). Blossom has been used in multiple other USC IRB-
approved studies in our lab.

i) Participants will interact verbally with the robot to complete a series of tasks
adapted from cognitive tests supported by the literature. For each task, the robot
will act as a coach that provides task instructions and offers hints and
encouragement.

iii)  Questionnaires/Surveys

1) Demographic Questionnaire - See Section 21.2: Demographic

Questionnaire.

2) Big Five Inventory-10 [10] - See Section 21.2: Big Five Inventory
Shortened

3) System Usability Questionnaire - See Section 21.2: Robot Acceptance
Questionnaire

4) Robot Acceptance and Experience Questionnaire - See Section 21.2:
System Usability Questionnaire

5) MMSE Questionnaire - See Section 21.2: Mini Mental State Examination

iv)  Qualitative Instruments

1) We will also assess user experience, enjoyment, comfort, and subjective
perceptions of the human- and robot-administered interactions in a semi-
structured interview after the tasks in each session - See Section 19.1:
Semi Structured Interview.



Fig. 2. Blosbm robot biétform used in the study.

c) Data Analysis

i) Data analysis techniques may include standard statistical tools including
parametric and non-parametric tests.

i) We will assess human-robot engagement through task completion rate, time-on-
task (before disengagement), video and audio data obtained from recordings to
get objective measures of attention and behavior.

i)  We will compare task performance over the sessions: for the picture description
task, we consider the number of correct information content units and overall level
of detail, for the semantic task we consider the number of correct words for the
category, for the story recall task we consider the level of detail recalled.
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AM1.7. Will you be submitting a Simple amendment request?

.Yes O No

If you intend to submit this application as a Simple Amendment, please make sure to read the Simple Amendment

Guidelines before you indicate €»Yes# above. This type of amendment will get review prioritization provided it meets the
A qualifications stipulated by the IRB. The IRB can remove this prioritization at any time if it does not meet these requirements

and it will be placed into the normal IRB queue in the order it was received. If you have questions regarding this application,

please contact the analyst assigned to the study.

Amendment: New questionnaire and design modification (UP-24-00154-AMO001)

AMS. Procedures and/or Protocol

This screen is required if you indicated this amendment involves changes to Procedures and/or the Profocol (Question AM1.2)

AMS. Please describe the nature and rationale for changes to the protocol, procedures or methods:
We are adding the Mini Mental State Examination (MMSE) to measure participants' cognitive function across five standardized domains: onentation,
registration, attention and calculation, recall, and language. The MMSE is a brief questionnaire that takes only 5-10 minutes to administer. This change
will not affect the agreed-upon duration of the experiment because the questionnaire will be administered in the last session of the study. We will also
inform participants that the MMSE is a standard assessment of cognition and will be available to answer any questions they may have. Including the!
MMSE will enhance our post-experiment analysis by providing valuable insights into cognitive abilities and potential mild cognitive impairment within otir
cohort.
We also updated our study design to include one phase instead of two and use the first human-administered session to establish a baseline for each
participant. This minor change does not impact the number of sessions for participants nor the data collected. We still have our proposed four research
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questions which now happen within a single phase.

You must make your changes in the body of the main study application. In addition to the changes in the Methods and Procedures sections (items 9,
and 12 through 21 inclusive), please remember other likely places of change include the informed consent (item 24) and protocol (5.2). If you have a
revised protocol, it must be uploaded in the main study application, including the sponsor's Summary of Changes (if available).

Amendment: New questionnaire and design modification (UP-24-00154-AMO001)

AM13. Subject Population

This screen is required if you indicated this amendment involves Subject Population changes (Question AM1.2)

AM13. Please describe each of the changes to the Subject Population and provide a rationale for the change:
We are expanding our inclusion critena to include fluency in English or Spanish because our robot can now communicate effectively in both languages.
This will enhance participant recruitment while maintaining our maximum sample size of 30. This change will also enable us to better represent the
elderly population in California, thereby increasing the relevance of our findings. A native Spanish speaker from our team reviewed the Spanish
document versions used for recruitment and informed consent and conducted the sessions with participants.

You must make your changes in the body of the main study application. Inclusion and exclusion criteria must be updated at item 10, and special
subject populations are in item 22. If these revisions require changing any other information, including the Protocol or Informed Consent, you must
revise that information as well.

Amendment: New questionnaire and design modification (UP-24-00154-AMO001)

AM99, Ready to make Changes

Following this page is a copy of the study application in which all changes specified must be made. When you have completed your changes do not
forget to submit the amendment to the IRB.

USCUniversityof  Childrens Los Angeles General

Southern California  H33RIS\% Medical Center

1. Project Identification and Abstract

1.1.  * Type of Submission:

. Research Protocol or Study on Human Subjects
O Use of Humanitarian Use Device (Not Research)
O Grant/Contract Only

(O Rely on another IRB (Ceded)
O Right To Try

1.2. " Full Title of Research Protocol
Promoting Cognitive Health in Elder Care Using Socially Assistive Robots

1.3. " Short Title
Promoting Cognitive Health in Elder Care Using Socially Assistive Robots

1.4. * Abstract: Provide a simple explanation of the study and briefly address (in 1 to 2 sentences) each of the following points: rationale;
intervention; objectives or purpose; study population or sample characteristics; study methodology; description of study arms (if
appropriate); study endpoints or outcomes; follow-up; statistics and plans for analysis.

As the world population ages, the number of people living with dementia is increasing, with 10 million new cases each year. An estimated 6.7 million
Americans aged 65 and older are living with Alzheimer's in 2023. There is a strong need for accessible technologies that can promote cognitive health
and detect early signs of cognitive deterioration leading to more comprehensive evaluation by medical professionals. This study aims to explore novel
ways to promote and assess cognitive health maintenance and monitoring in seniors by using robots in an interactive way. Study participants (N=20,
aged 65 and older) will engage with a socially assistive robot during a series of interactive cognitive tasks based on validated dementia screening tools.
We will conduct a within-subjects 5-week study with three consecutive weekly sessions with a SAR and two with a human. Each session will include two
interactive cognitive tasks aimed at promoting and assessing cognitive health. In both the human and robot sessions, the administrator will act as a
coach, providing hints duning a series of interactive tasks based on validated cognitive tools. We aim to evaluate robot acceptance in a cognitive support
context and compare task performance in the two conditions. The second phase involves three weekly robot-administered sessions to assess
performance and leaming on similar cognitive tasks. Additionally, we aim to explore how older adults engage with the robot and how much they enjoy
interacting with the robot. Data will be collected through video recordings, observations, and questionnaires, which will be analyzed to produce novel
results for peer-reviewed publications. Additionally, this data collection from seniors would allow us to generate a dataset that could be used for training
machine leaming models targeting dementia screening from cognitive tests.

1.5. Is this a clinical trial? [The NIH defines a clinical trial as a prospective research study to evaluate the effects of one or more interventions on
health-related biomedical or behavioral outcomes.]

OYes .No

1.6.  * Select which IRB you are requesting review from:
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(O usC - Biomedical IRB

@ usc - Social Behavioral IRB

O CHLA - Institutional Review Board (CHLA)

1.7. * To the investigator's knowledge, does the Institution have financial and/or intellectual property interests in the sponsor or the products used
in this project? An instifutional conflict may occur when a financial interest of the instifution has the potential to bias the oufcome of research conducted

Select "USC - Biomedical” if you are conducting biomedical research activities which fall under FDA jurisdiction (drugs, devices, etc.).

Select 2USC - Social Behavioral” if you are conducting social behavioral research activities (community/field-based research such as survey and

interview procedures, etc. that are not FDA regulated.).

HNOTE: IRBAs and designated reviewers (Chairs, Vice Chairs, etc_) are currently assigned to review applications based on the type of research

conducted. Selecting,

review board to be selected.

by its employees or students or to create an unacceptable risk to human subjects.

OYes .No

2. Study Personnel

y_result in a delay of the review process: and the application may be returned for the comect

2.1. Study Personnel and their roles:

View

View

View

View

View

View

View

View

Last First
Name Name
Mataric  Maja
Thomason Jesse
Hulyalkar Awni
Lima Maria

Magahara Alethea

O'Connell Amy

Pinto Alva Leticia

Zhou

Feiyang any

Organization Study Role
COMPUTER Principal
SCIENCE Investigator
COMPUTER Co-
SCIENCE Investigator
Research

VITERBI SCHOOL , #*€&rC
OF ENGINEERING ASS'” or

ssociate

University of Research
Southemn California Assistant or

(USC) Associate

Research

VITERBI SCHOOL , “2 -
OF ENGINEERING /SS1tant or
Associate

VITERBI SCHOOL Eg:g?ﬁor
OF ENGINEERING :
Associate
Research
Assistant or
Associate

VITERBI SCHOOL
OF ENGINEERING

Research
Assistant or
Associate

Certifications

CIDICED Y
CD]CIEy

)
(o) (orem)
=) ()
)
=)
(o) (orem)

-

Obtain
Consent

no

yes

yes

no

yes

yes

no

Interact with
Participants

no

no

yes

yes

yes

yes

yes

yes

Access
Identifiable
Data

yes

yes

yes

yes

yes

yes

yes

yes

Manage Audit
Access to
PHI/ePHI
(CHLA Only)

Key Personnel are individuals who contribute to the scientific development or execution of a project in a substantive, measurable way,
whether or not they receive salaries or compensation under the protocol. Individuals who should be named on an IRB application are
those who engage in the following:

a. conducting research through an interaction or intervention with human subjects for research purposes
b. participating in the consent process by leading it or contributing to it
c. directly recording or processing identifiable private information, including protected health information, related to those subjects for the

purpose of conducting the research study

Who should NOT be listed as key personnel on an IRB submission:

Individuals paid by the institution to perform a service not part of or paid by the research project performing services that are typically
performed for non-research purposes or fee for service:

honest broker

pharmacy employees dispensing investigations drugs
hospital employees obtaining blood through a blood draw or collect urine and provide such specimens to investigators as a service

routine laboratory analyses of blood samples for investigators as a commercial service

transcription of research study interviews as a commercial service

« radiology clinic employees performing chest x-rays and sending results to investigators as a service

not administering any study intervention being tested or evaluated under the protocol

2.2. s the Principal Investigator a staff member, student, resident, fellow, postdoctoral scholar, other trainee, visiting scholar, or visiting faculty

member at USC/CHLA?

OYes .No
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2.4. Does your study include specific aims or endpoints that relate to cancer risk factors, cancer screening or diagnosis, cancer prevention,
cancer treatment, or supportive care?
Note: For studies of diet, fobacco, sun exposure, or other cancer nsk factors, or any study that includes cancer patients, please answer yes.

(O Yes ONo
2.5 Specify the groupl/organization who has reviewed this study for scientific merit:
. Federal Agency (e.g. FDA, NIH, CDC, DOE, NSF, DOJ, etc.)
O USC Nomis Clinical Investigations Committee
O Doctoral Dissertation Committee
O Other
O None

4. Funding Information

4.1. * What existing or pending support will be used for this study? (check all that apply)

O Cooperative Group (SWOG, COG, RTOG, efc.)
CTSI

Departmental/Institutional Funds

8 00O

Federal Grant/Contract

Non-Profit (including Foundations and Universities)
Industry

Intramural/Internal Grant

State or Local Grant/Contract

No Funding

O 00000

Other
Change of existing/addition of new funding sources and agencies will require an amendment.

4.1.1. Will you be submitting an Urgent Review request?

OYES . No

4.1.2. Will any funds come from the National Institutes of Health (NIH)?

OYES . No

4.1.3. Will any of the funds come (either directly or indirectly) from the Department of Defense (DoD)?

OYES O No

4.2. If the funding source has undergone separate review by the IRB (i.e., cooperative group grants, umbrella grants, multi-project/program grants,
center grants), try to select it from the list using the "Add" button. If the funding source is not displayed in the list, enter the information in
question 4.4.

Grant # Principal Investigator Grant Title
There are no items to display

4.2.1. If the grants selected in question 4.2 fund multiple studies, please attach the specific pages of the grant that are relevant to THIS study.
Name Version Meodified

There are no items to display

4.4. Add the details of each source of funding for this study.

Sponsor Principal Investigator Type of Funding
view National Science Foundation Maja Mataric Federal: Grant *
view NSF (National Science Foundation) Maja Mataric Federal: Grant *
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4.5. If there are related awards or proposals, please use the respective button below to link it to this study.

Related Proposals from Cayuse (uncheck to remove):

Proposal Number Project Title Principal Investigator Sponsor  Proposal Start Date Proposal End Date Status Name

There are no items to display

Related Awards from Cayuse (uncheck to remove):

Award Number  Project Title Principal Investigator Sponsor Award Start Date  Award End Date  Status Name

23-0846-A0001  011576-00001  Maja Mataric National Science Foundation 9/1/2019 9/30/2024 Active

5. Type of Study Review

5.1. Select the type of review that you are requesting for this study:

O Full Committee Review
. Expedited Review

O Exempt Review

5.2. All studies must have a fully developed protocol. For investigator-initiated studies, use the appropriate protocol template. Social Behavioral,

Biomedical, or Secondary Analysis protocol templates are located at the HRPF website. Cancer Center Protocol templates can be found on the

CISO website. If you are uncertain which protocol template to use, consult with the IRB before developing your protocol. Using an incorrect
protocol will result in your application being returned as incomplete.

**Please note that a grant application cannot serve as the protocol.™

Attach the protocol below.

Name Version Modified
Secondary protocol{0.02) 002  8/9/2024 912 AM
Study protocol(0.02) 002  8/9/2024 911 AM

5.3. Attach the sponsor's template informed consent here.
Name Version Modified

There are no items to display
5.4. If any study documents are password protected, enter the passwords here.

5.5. If there is a sponsor protocol number associated with this file, specify it here:

9. Methods and Procedures - Selected Descriptors/Community Engaged Research

Note: The list of items below IS NOT an all-inclusive list of methods and procedures available to investigators. The list only includes items that will trigger

additional questions specific to areas of research or are necessary for the review process.

9.1. NOTE: Review the information under the blue question mark before answering this question.
The study procedures involve interactions or interventions with participants (e.g., medical procedures, online surveys, in person interviews).

[[] Secondary Analysis: This study involves use of data/specimens that have been or will be collected/generated for non-research purposes (e.g.,

medical records, student records).

[] Secondary Analysis: This study involves use of data/specimens that have already been collected/generated for another research purpose (e.g.,

existing research datasets, existing specimens collected for research).
9.2. Study Procedures: (check all that apply)
Audio/Video Recordings or Photographs

]

Behavioral Observations and/or Behavioral Experimentation

Behavioral Interventions

Deception

Q 0 0O

Interview/Focus Groups

£

Population-based Field Study

a

Psychophysiclogical Testing
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9.5.

9.6.

9.7.

Surveys/Questionnaires/Psychometric Testing

O Approved/Investigational Devices

Biohazardous Substances (e.g. fresh tissue or tissue fluids, infectious agents, microorganisms, recombinant DNA, or shipment of biological matenal)
Blood Collection

Creation of a Data or Tissue Repository

Magnetic Resonance Imaging (MRI)

o 0 0 g O

Stem Cells or Cell-Based Therapy

Will data from this study be subject to the NIH Genomic Data Sharing (GDS) policy?

OYes .No

Does your study involve community-engaged research (community-engaged research addresses community needs and involves the community in
research plan, conduct of study, etc)?

(O Yes @ No

Will data from this research be submitted to the US Food and Drug Administration or will data be held for inspection by the FDA?

OYes .No

10. Characteristics of the Study Subject Population

10.1.

What is the maximum number of subjects you plan to recruit for this site? (Integer values only)
30

10.1.1. If this is a multi-site study, indicate the projected total subject accrual. (Integer values only)
30

10.1.2. If necessary, provide further explanation of accrual goals for all subject populations.

10.3.1. If there are any age, ethnic, language, or gender-based exclusion criteria, please provide justification.
We will recruit participants aged 65 and older.

Inclusion criteria: older adults (aged 65 and older) who are fluent in English or Spanish and with normal or comrected-to-normal hearing. We will
recruit participants who are fluent in English or Spanish because the robot speaks these languages only and the study personnel are English
and Spanish speakers.

Exclusion criteria: Inability to consent to the study information sheet. Vision or hearing impairments that preclude hearing and seeing the robot.
We will aim for gender balance in the participant cohort. Ideally, half of the group will self-identify as female, and the other half as male. Other
genders will also be welcome though unlikely in the population being recruited. The study gender distribution is constrained by the resident
population at Front Porch and their willingness to participate in the study.

Regarding race and ethnicity, we aim for diversity, and ideally, no more than half of the cohort will be White/Caucasian. This is also constrained
by the distnibution of residents at Front Porch and their willingness to participate in the study.

19. Methods and Procedures - Interview/Focus Groups

This screen is required if you indicated the use of Interview or Focus Groups as a procedure (Question 9.2)

19.1. Attach copies of any scripts and/or questions that will be used to guide the interviews/groups.

Name Version Modified

Semi Structured Interview pdf(0.01) 0.01 2/7/2024 11:59 AM

21. Methods and Procedures - Surveys/Questionnaires/Psychometric Testing

This screen is required if you indicated the use of Surveys, Questionnaires, or Psychometric Testing (Question 9.2.)

21.2. Attach copies of all measures/instruments that will be used for this study.

Name Version Modified
Big Five Inventory Shortened.pdf(0.01) 0.01 2/8/2024 1:48 AM b
Demographic Questionnaire pdf(0.01) 0.01 2/8/2024 1:48 AM
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Name Version Modified
Mini Mental State Examination({0.01) 0.01 7/4/2024 12:32 PM
Robot Acceptance Questionnaire pdf{0.01) 0.01 2/8/2024 1:48 AM
System Usability Questionnaire pdf(0.01) 0.01 2/8/2024 1:48 AM

22. Special Subject Populations

22.1. Indicate any special subject populations you intend or expect to enroll in the research: (check all that apply)

Healthy Volunteers Undergoing Clinical/Medical Procedures for Research Purposes
O Employees or Students

Adults not Competent to Consent (or likely to lose the capacity to consent during the study)
Non-English Speaking Populations

Minors (subjects under 18 years of age)

Pregnant Women / Human Fetuses

Neonates (infants under 30 days old)

Prisoners/Detainees

Wards

Military Personnel

American Indian and/or Alaskan Native (Al/AN), Native Hawaiian and other indigenous communities

000000000 ao

None of the above

23. Study Resources

23.1. Describe the time the investigators have available to conduct and complete the research and justify that it is sufficient. Please check-off the
items that apply to this study.

O Employed interns, residents, fellows, or postdocs with dedicated time to conduct this research.
Employed faculty and or staff with dedicated time to conduct this research.

Students with dedicated time as part of their training to conduct this research.

[ Volunteers

|:| Other

23.2. Describe the staff and justify their qualifications. Please check-off the items that apply to this study.

[J Al biomedical investigators are privileged and credentialed to perform the study activities in the study locations.
All study staff are trained and credentialed to perform the duties assigned to them.
All study staff have fulfilled the training mandated by their respective departments or institutions.

|:| Other

24. Subject Recruitment and Informed Consent

24.1. Recruitment Tools that will be used by the local site (check a box only if your site will control the use or distribution of the recruitment tool):
(check ALL that apply)

|:| Brochures
[J Clinical Data Warehouse

[0 Email/Electronic Mailing Lists
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Flyers

|:| Letters

Newspaper/Magazine Advertisements
Radio/Television Announcements
Subject or Participant Pools

Telephone Scripts

8 0000

Verbal (Personal Solicitation)
Websites / Social Media Outlets

Other

O 0 0

None of the above

24.1.2. Describe how you will be obtaining contact information:
Qur collaborators at Front Porch will select appropriate study candidates based on their age (aged 65 and older), hearing and language ability
(fluency in English or Spanish). Front Porch will engage with participants interested in the study, organizing and coordinating times for the
human-robot interaction sessions.

242, Attach copies of all recruitment tools that will be used by the local site.(Do not attach any advertising or recruitment materials that will not be used
at the local site or under control of the local site )

Name Version Modified
Flyer Spanish version(0.01) 0.01 8/9/2024 9:06 AM
Flyer.pdf(0.01) 001  2/7/2024 5:58 AM

24.3. Informed Consent and Waivers:

** Please note that child assent and parental permission will be addressed on subsequent pages. Do not complete the following consent
questions if adults will not be participating in the study. ™

Check the type(s) of consent or waiver of consent planned for this study: (check ALL that apply)

Written/signed consent (participants will sign an informed consent document)

Alteration of the elements of consent (participants will sign a consent document, but one or more of the basic required elements of consent will be
altered or waived)

O
[0 waiver of signed informed consent (informed consent document without the signature sections will be provided)
O

Waiver of consent (participants will not be asked to sign or be given a consent document)

24.7. Attach copies of the informed consent documents(s), information sheets, and any statements of new information/findings or consent addenda
(as applicable) that will be used in this study. This set should also contain any assent or parental permission documents that will be used.

Name Version Modified
Consent form Spanish version(0.01) 0.01 8/9/2024 8:53 AM
Consent form pdf(0.01) 0.01 2/7/2024 6:00 AM

Click here to obtain an IRB Informed Consent Template and instructions for preparing the consent form.
Consent forms submitted to the IRB should comply with these instructions.

*A qualified interpreter is an individual who is fluent (can speak, read and write) in English and the language of the subject, and (preferably) understands
human research informed consent requirements. The interpreter should not be a member of the potential subject’s family. Although it may be necessary in
some rare cases to have a bilingual family member or staff person serve as a medical interpreter, keep in mind the following issues.

1. The routine use of ad hoc interpreters should be avoided.

2. Children should not be asked to serve as an interpreter.

3. Complex ideas and treatment regimens may demand that a trained professional be employed.
4. Issues of pnvacy must be considered if family members are asked to translate.

Personnel from section 2.1 obtaining consent/permission/assent:

Last Name First Name Organization Study Role Certifications Obtain Consent

Hulyalkar  Avni VITERBI SCHOOL OF ENGINEERING Research Assistant or Associate yes

Lima Maria University of Southem California (USC) Research Assistant or Associate yes -
O'Connell  Amy VITERBI SCHOOL OF ENGINEERING Research Assistant or Associate yes
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Last Name First Name Organization Study Role Certifications Obtain Consent

Pinto Alva Leticia VITERBI SCHOOL OF ENGINEERING Research Assistant or Associate yes

If the above list is incomplete or incomrect, please navigate to item 2.1 and make your changes there.
248. Describe the circumstances and location of the process of informed consent: (check ALL that apply)

In a private area

[ ina waiting room, open ward, group, or public setting
O Remotely (onlinefelectronic, telephone, mail, or fax)
O other

249. Describe how you will assess the individual's comprehension of the research and what it means to participate, including understanding of the
voluntary nature of participating. (check ALL that apply)

[J An assessment tool will be used. (attach a copy of the tool below)

This will be verbally assessed. Individuals will be asked to answer the following questions (as applicable): (1) What are you being asked to

do? (2) What question is this study trying to answer? (3) What are the potential risks of participating in this study? (4) How often will you
need to come in for study visits? (5) What is the difference between participating in this study and your standard medical care? (6) What
should you do if you decide to withdraw from the study?

[ Other (specify below)

24.10. Describe all measures that will be taken during the recruitment and consent process to ensure that individuals have adequate time to consider
participation and to safeguard against potential coercion and undue influence: (check ALL that apply)

The informed consent process will begin with a concise and focused presentation of the key information that is most likely to assista
prospective participant in understanding the reasons why one might or might not want to participate in the research

They will not be forced, threatened or coerced in any way to participate in this research, and no undue influence or other form of
constraint will be used to recruit individuals to participate in this research or to retain currently enrolled subjects. (Note: "Coercion” is the
use or threat of the use of force to gain compliance. "Undue influence" is when an individual who is in a position of authority (e.g.,
physician, teacher, employer) exerts inappropriate or excessive manipulation to gain power and compliance over a vulnerable individual
(potential research subject). "Constraint” means force, obligation, or pressure.)

<]

They will not be punished or denied something which they would normally receive (e.g., threatening to withdraw health services to which
an individual would otherwise be entitled) if they choose not to participate in this research or choose to withdraw early from participation.

(< JI <

They will be given an adequate amount of time to consider participation in the study relative to the initiation of study procedures.

The information presented to individuals during recruitment and consent will reflect that provided in the informed consent
document/informed consent script.

<]

The recruitment and consent process will not promise them a certainty of cure or benefit beyond what is outlined in the informed consent
document/informed consent script.

(< J <

The recruitment and consent process will take place in an area in which it is possible to maintain privacy and confidentiality.

They will be given the opportunity to take the informed consent document home in order to discuss participation with their family, friends
and/or others before making a definitive decision.

<]

They will receive payment for their participation, but the amount of payment will be commensurate with their participation (not an
inducement for participation), and receipt of the payment will not be contingent upon the individual's completion of the study. (Note: The
specific method, schedule, and amount of payment must be outlined in the payment section of the application.)

<]

O

Other (explain below)

25. Financial Obligation and Compensation

25.1. Financial Obligation: Choose the response that best describes the cost to participants.

O All costs are covered by the sponsor or funder.

o Research costs are paid by the sponsor or funding agency; routine health care costs are the responsibility of the participants and/or their healthcare
plans.

O All costs are the responsibility of the participants and/or their healthcare plans.
O Drug trials sponsored by the National Cancer Institute or other national institutes.

. There are no costs related to participation.

O Other

25.1.A. Consent Text: The following financial obligation statement must be contained in the informed consents for this study: (edit only as
necessary. If your study has a contract, this language must be consistent with the contract language)
There is no cost to you for taking part in this study.

25.2. Payment for Participation: Describe how much, if any, financial or other form of compensation will be provided to the subject/family. Describe
the requisite conditions that must be fulfilled to receive full or partial compensation. Describe the proposed method of timing and disbursement.
If children are involved, please specifically address how the compensation will be distributed to children.
Participants will be compensated with a $50 gift card (in the form of a VISA to facilitate their use among older people) for their participation over the five
sessions. This will be given out after a participant has completed all the sessions.
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In the case that the participant requests to stop the study due to discomfort during the human-robot interaction sessions, they will still receive compensation
(they will be informed of this during consent). This is to avoid any pressure to continue the expenment if the participant feels uncomfortable.

26. Participant Privacy and Data Confidentiality

26.1. Privacy Protections: Privacy is a participant's ability to control how other people see, touch, or obtain information about his/her self. Violations of pnivacy
can involve circumstances such as being photographed or videotaped without consent, being asked personal questions in a public setting, being seen
without clothing, being observed while conducting personal behavior, or disclosing information about abortions, HIV status, or illegal drug use.

Select the provisions to protect the privacy of the individual during screening, consenting, and conduct of the research: (check ALL that apply)

(< I < I < I < I <

a

Research procedures will be conducted in person in a private setting.
Data will be captured and reviewed in a private setting.
Only authorized research study personnel will be present during research related activities.

The collection of information about participants is limited to the amount necessary to achieve aims of the research.

Participants will not be approached in a setting or location that may constitute an invasion of privacy or could potentially stigmatize
them.

Other (specify below)

26.2. Confidentiality Precautions: Confidentiality is an extension of the concept of privacy; it refers to the participant's understanding of, and agreement to,
the ways identifiable information will be collected, stored, and shared. Identifiable information can be printed information, electronic information, or visual
information such as photographs.

How will the research data/specimens be labeled? (check ALL that apply)

O
O
O

Data and/or specimens will be directly labeled with personal identifying information. (ldentifiable)

Data and/or specimens will be labeled with a code that the research team can link to personal identifying information. (Coded)

Data and/or specimens will not be labeled with any personal identifying information, nor with a code that the research team can link to personal
identifying information. (Anonymous)

Other (explain below)

26.3. Study data/specimen will be stored:

O

Physically
Electronically

Which devices will have study data:

Local computers/laptops

Removable drives (USB, external drives)

Local Server(s)

External Servers (including cloud based services)

Which company/organization will be providing the service?
Qualtrics, Google, Amazon

Note: Please ensure that the third party@s technical
infrastructure meets or exceeds the minimum standards set out
by ITS.

Please confirm that, at a minimum, the following measures will be taken and enforced:

Electronic data will be stored with appropriate electronic safeguards, such as unique usernames/passwords, and limited to
authorized study personnel. Dual factor authentication will be used, if feasible.

Security software (firewall, antivirus, anti-intrusion) will be installed and regularly updated in all servers, workstations, laptops,
and other devices used in the study

All computers with access to study data will be scanned regularly (for viruses and spyware, etc.) and problems will be resolved
Data stored on a removable drive will be encrypted and have proper access controls

Data transfer will be encrypted

Other Measures:

[J Audio and/or video recordings will be transcribed and then will be destroyed
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[J Audio and/or video recordings will be modified to eliminate the possibility that study participants could be identified

[J Photos or images will be modified to eliminate the possibility that study participants could be identified

26.4. Will identified data and/or specimens be revi d and/or d by a third party institution (such as a study sponsor, federal agency, or

26.5.

26.6.

26.7.

another institution)?

OYes .No

What will happen to the research data and/or specimens at the conclusion of the study? (check ALL that apply)

Direct identifiers and/or the key to the codes will be destroyed upon completion of the research (all data/specimens will be stripped of
identifying information and/or the key to codes destroyed, paper documents shredded, electronic files purged, electronic media securely
erased)

Retained for study record keeping purposes per institutional policy

8 O

Retained by the investigator for future research use
Retained for future research use (submit data or tissue to an existing repository/bank)
Restricted use data will be destroyed or returned to the source

No direct or indirect identifiers are being collected. The anonymous data and/or specimens will be retained at the discretion of the investigator

This research is a clinical tnal conducted under FDA regulations. Direct identifiers and/or the key to the codes will be destroyed as directed by the
sponsor (IND/IDE holder) in accordance with FDA regulations

O 0 00 O

The NIH requires that the records be retained for three years following the completion of the study
Other (specify below)

26.5.1 Please specify:
1. Anonymized data (after coding keys and other identifying links are discarded) will be kept indefinitely on a computer in password protected
files or in locked cabinets for future research purposes.

2. Consent forms collected for this study will be kept for three years after the study is completed.

Do you have, or plan to apply for, a Certificate of Confidentiality for this study?

(O Yes @ No

NOTE: NIH-funded research in which identifiable, sensitive information is used, including research that:

+ Meets the definition of human subjects’ research, including exempt research in which subjects can be identified
+ |s collecting or using human bio specimens that are identifiable or that have a risk of being identifiable

+ Involves the generation of individual level human genomic data

+ Involves any other information that might identify a person

is automatically protected by a certificate of confidentiality from the NIH.

If audiol/video recordings or photographs will be used, will you be anonymizing or de-identifying materials? If so, how will this be done and
when.

To get objective measures of attention and behavior our study will use facial affect and gaze from video recordings, precluding the possibility of de-
identifying the matenals. All identifiable data will be securely stored to prevent non-study personnel from viewing or accessing it.

For audio recordings, we will anonymize the recordings with standard audio privacy-preserving technigues that allow machine leaming models to learn
effectively but preserve the participants' privacy.

27. Risk/Benefit Assessment - Risks

27.1.

27.2.

Risks, Discomforts and Potential Harms: Describe the risks associated with each research intervention. Include consideration of physical,
psychological, social, and other factors. (check all that apply)

[ Discrimination based on genetic findings.

Some people may find it upsetting to leamn that they have certain mutations or errors in genes that could lead to future health problems for
themselves or their children.

8 O

Some of the questions may make the participant feel uneasy or embarrassed.

&3]

There is a small risk that people who are not connected with this study will learn a participant€s identity or their personal information.

The participants are providing highly sensitive, personal information in this study. If people not connected with the study leamn this information, they
could have problems getting a new job, keeping their current job, finding housing, or getting insurance (health, disability, or life insurance). In highly
unlikely situations, they could be charged with a cime.

Biomedical risks, including drug, device, biologics, radiation, surgery or other research procedures (please specify).

The research includes the risk or disclosure that a participant may engage in self-harm or attempt suicide.

O 00 O

Venipuncture risks including: mild discomfort (or pain), bruising and swelling around the puncture site, dizziness or fainting, or infection (rare).
[] Other (specify below)

Describe the precautions that will be taken to minimize risks/harms. (check all that apply)
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We will use our best efforts to keep the findings in this study as confidential as possible.

Subjects can choose to skip or stop answering any questions that make them uncomfortable.

&3]

Data will be coded and identity stored separate from data.
Data will be collected anonymously.
Biomedical precautions, including precautions relating to drugs, devices, biologics, radiation, surgery or other research procedures (please specify).

Venipuncture by individuals certified and privileged to perform the procedure.

O 0 00

Other (specify below)

28. Risk/Benefit Analysis - Potential Benefits and Alternatives

28.1. Describe any potential for direct benefits to participants in the study: (check all that apply)

There are no direct benefits to research participants
Improvement in some or all of participants’ symptoms
Improvement in some or all of participants’ survival or longevity

Information gained from testing or monitoring procedures

O 0 00

Provision of drug or device
|:| Reduced side effects
[] Other (explain below)

28.2. Describe potential benefits to society, if any. (check all that apply)

The advancement of knowledge

[J Anew treatment or therapy for the condition under study
[J None

[] Other (explain below)

28.3. What are the alternatives to participation? (check all that apply)
Not participating

Continue current medical care for their condition
Participation in other research studies

Palliative care

O 0 00O

No treatment or therapy
O Participate in other subject pool activities
[] Other (specify below)

28.4. Risks in relation to benefits:

[0 The potential benefits to the research participants justify exposure of the participants to the risks.
The potential benefits to humanity justify exposure of the participants to the risks.
[] Other (specify below)

35. Is the HIPAA Privacy Rule Applicable?

35.1. Do you intend to access, review, collect, use, or discl Protected Health Information (PHl/ePHI) which includes either patient and/or
participant data, in your research? Answer yes if you intend to do any of the following:

Look at medical records (paper or electronic) to identify potential research participants

Look at clinic logs to identify potential research participants

Record demographic information obtained from medical records (paper or electronic) -
Record health information obtained from medical records (paper or electronic)

Obtain information from laboratory reports, pathology reports, radiology reports or images, or other reports from medical or mental health testing
and treatment
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+ Record or use medical record numbers or other information that could be used to identify an individual (review the list of HIPAA identifiers below)
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+ Obtain information from medical billing records

Name/lInitials

Street address, city*, county®, precinct®, zip code®, or equivalent geocodes*®

All elements of dates (except year) directly related to an individual (date of birth, admission date, discharge date, date of death)*

Elements of date, including year, for persons 90 or older
Telephone number

Fax number

Electronic mail address

Social Secunity Number

Medical record number

Health plan identification number

Account number

Certificate/license number

Vehicle identifiers and senal numbers, including license plate number
Device identifiers and serial number

Web addresses (URLs); Internet IP addresses

Biometric identifiers, including finger and voice print

Full face photographic images and any comparable images
Any other unigue identifying number, characteristic, or code*

OYes .No

39. Conflict of Interest Information

39.1.

Instructions: Click on the name of each study team member and indicate whether they have a potential financial conflict of interest related to
this study. If they have a conflict of interest, click on the conflict that has been reported in diSClose. If the conflict is not listed, ask the study
team member to update their disclosure information in diSClose before completing this section.

COIl Annual Disclosure Status

Study Staff Role

Maja Mataric Principal Investigator

Jesse Thomason Co-Investigator

Avni Hulyalkar Research Assistant or Associate
Maria Lima Research Assistant or Associate
Alethea Nagahara Research Assistant or Associate
Amy O'Connell Research Assistant or Associate
Leticia Pinto Alva Research Assistant or Associate
Feiyang Zhou Research Assistant or Associate

CHLA policy requires all study team members to have a current COIl disclosure in DiSClose. If a study team member has not completed a
disclosure form or the disclosure form has expired, you must submit a new disclosure in DiSClose. Hover over the annual disclosure
status for more details.

Please note that first time users of diSClose will need to create a diSClose account using the "Login with CHLA Okta" option to ensure
disclosure data from diSClose appears in this Section.

40. Additional Supporting Documents

Current: due on 8/31/2025
Current: due on 8/31/2025

No disclosure on file
No disclosure on file
No disclosure on file
No disclosure on file
No disclosure on file

No disclosure on file

Conflicts

No conflicts identified
No conflicts identified
No conflicts identified
No conflicts identified
No conflicts identified
No conflicts identified
No conflicts identified

No conflicts identified

A

40.1.

45. Study Locations

IMPORTANT!

Care must be taken to ensure that any information containing PHI is not entered into the system.
Do not enter or upload documents with personal identifiers (i.e., patient names and MRNs) into iStar.

Any direct identifiers should be redacted from documents prior to submission to the IRB.

Attach any other documents that have not been specifically requested in previous questions, but are needed for IRB review.

Name Version Modified

There are no items to display

If there is any additional information that you wish to communicate about the application include it below. Please note, this section should not

be used instead of the standard application items.
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45.1. Identify the locations where the research activities described in this application will be performed (check all that apply):
|:| USC HSC - Health Sciences Associated Locations

USC UPC - University Park Associated Locations
|:| Los Angeles General Medical Center Locations

|:| Other

45a. USC Location(s)

This screen is required if you indicated a USC Location (Question 45.1.)

+ USC UPC Locations

45a.2. UPC Locations (check all that apply and provide detail where indicated):
Location

Campus location (includes 1Sl and ICT)

Off-campus location

45a.2.1. Specify Campus Location:
Ronald Tutor Hall (RTH) 423, 422 and 406.

45a.2.2. Specify Off-Campus Location:

50. Required Approvals (Post-Submission)

This screen indicates the approvals received once the proposal has been submitted.

50.1. Pending Division/Department Approvals:
Name Division/Department Parent Campus
There are no items to display

50.2. Received Division/Department Approvals:
Name Division/Department Parent Campus

There are no items to display

99. Instructions for Submission

You have reached the end of the application. When you are sure of the content, the following steps may be taken to submit your application for review.

1. Click the "Finish" button on the top or bottom application navigator bar to retum to the workspace.

2. Use the Hide/Show Errors above to determine that all sections of the application are filled out correctly.

3. Use the "Send Study Ready Notification” activity to send an email to the Principal Investigator and Co-Investigators with instructions for reviewing and
submitting the application.

4_ All listed Codnvestigators (indicated in item 2.1.) must use the "Agree to Participate” activity and answer yes.

5. Once all the Co-Investigators have agreed to participate, the Principal Investigator (indicated in item 2.1.) can submit the application by using the " Submit
Application to " where indicates the IRB you are submitting to.

6. The Pl will have to check the Pl endorsement box. The Pl will also have to check the student endorsement box if it is applicable.

7. The application is submitted. The state indicator in the top left of the workspace will no longer display Pre Submission.

8. The Pl and Study Contact Person will receive an email confirming the application has been submitted.

4.4. Funding Source
Please enter the fields below and click 'OK' when done.

4.41. "~ Sponsor Name:
Use "%" to enhance filter criteria. For example, to narrow your query and find the sponsor "USC (University of Southern California)”, you can type
"Yeusc” or "deuniversity of southern™
National Science Foundation

If you cannot find the entity in the list above, click here: O

4.4.2. " Named Principal Investigator:
Maja Mataric

4.4.3. Institution awarded the grant-award:
usc
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444,

445.

446.

447.

Grant-award number provided by the Sponsor:
NSF 11S-1925083

Title of the Funding Project, if applicable:
Communicate, Share, Adapt: A Mixed Reality Framework for Facilitating Robot Integration and Customization

* Type of Funding:
Federal: Grant *

Attach a copy of the proposallcontract/grant with the project budget. Copies of the documents submitted to the funding agency, including the
budget detail, should be submitted. (salary information need not be displayed or included.)

Name Version Modified

There are no items to display

4.4. Funding Source

Please enter the fields below and click 'OK' when done.

4.4.1.

442

443.

444,

445.

446.

447.

* Sponsor Name:

Use "%" to enhance filter criteria. For example, to narrow your query and find the sponsor "USC (University of Southern California)”, you can type
"Yeusc” or "deuniversity of southern™

NSF (National Science Foundation)

If you cannot find the entity in the list above, click here: [_]

* Named Principal Investigator:
Maja Mataric

Institution awarded the grant-award:
5445095084

Grant-award number provided by the Sponsor:
11S-1925083

Title of the Funding Project, if applicable:
NRI: FND: Communicate, Share, Adapt: A Mixed Reality Framework for Facilitating Robot Integration and Customization

* Type of Funding:
Federal: Grant *

Attach a copy of the proposallcontract/grant with the project budget. Copies of the documents submitted to the funding agency, including the
budget detail, should be submitted. (salary information need not be displayed or included.)

Name Version Modified

There are no items to display
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