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Abstract

Background: An estimated 6.7 million persons are living with dementiain the United States, a number expected to double by
2060. Persons experiencing moderate to severe dementiaare 4 to 5 times more likely to fall than those without dementia, due to
agitation and unsteady gait. Socially assistive robots fail to address the changing emotional states associated with agitation, and
it is unclear how emotional states change, how they impact agitation and gait over time, and how social robots can best respond
by showing empathy.

Objective: This study aimsto design and validate a foundational model of emotional intelligence for empathetic patient-robot
interaction that mitigates agitation among those at the highest risk: persons experiencing moderate to severe dementia.

Methods: A design science approach will be adopted to (1) collect and store granular, personal, and chronological data using
Personicle (an open-source software platform devel oped to automatically collect datafrom phones and other devices), incorporating
real-time visual, audio, and physiological sensing technologies in a simulation laboratory and at board and care facilities; (2)
devel op statistical models to understand and forecast the emotional state, agitation level, and gait pattern of persons experiencing
moderate to severe dementiain real time using machine learning and artificial intelligence and Personicle; (3) design and test an
empathy-focused conversation model, focused on storytelling; and (4) test and evaluate this model for a care companion robot
(CCR) in the community.

Results: The study was funded in October 2023. For aim 1, architecture development for Personicle data collection began with
asearch for existing open-source datain January 2024. A community advisory board was formed and met in December 2023 to
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provide feedback on the use of CCRs and provide personal stories. Full institutional review board approval wasreceived in March
2024 to place cameras and CCRs at the sites. In March 2024, atomic marker development was begun. For aim 2, after areview
of open-source data on patients with dementia, the development of an emotional classifier was begun. Data labeling was started
in April 2024 and completed in June 2024 with ongoing validation. M oreover, the team established a baseline multimodal model
trained and validated on healthy-person data sets, using transformer architecture in a semisupervised manner, and later retrained
on the labeled data set of patients experiencing moderate to severe dementia. In April 2024, empathy alignment of large language
models was initiated using prompt engineering and reinforcement learning.

Conclusions. Thisinnovative caregiving approach is designed to recogni ze the signs of agitation and, upon recognition, intervene
with empathetic verbal communication. This proposal has the potential to have a significant impact on an emerging field of
computational dementia science by reducing unnecessary agitation and falls of persons experiencing moderate to severe dementia,

while reducing caregiver burden.
International Registered Report Identifier (IRRID):

(JMIR Res Protoc 2024;13:€55761) doi: 10.2196/55761

PRR1-10.2196/55761
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Introduction

The Impact of Dementia Among Older Adults

The prevalence of Alzheimer disease and related dementias
(hereinafter “dementia’) has been increasing among ol der adullts.
In the United States, an estimated 6.7 million currently have
dementia, and thisnumber isexpected to increaseto 13.8 million
by 2060 [1]. The majority of persons living with dementia
experience neuropsychiatric symptoms of dementia[2] that are
noncognitive, such as agitation, defined asinappropriate verbal,
vocal, or motor activity [3]. Agitation is problematic because
it can not only impact a person’s morbidity and mortality but
also impair motor functions during events of agitation and
increase the risk of falling and sustaining severe injuries and
subsequent hospitalization [4,5]. Falls are a mgjor cause of
morbidity and mortality among older adults. Indeed, persons
experiencing moderateto severe dementiaare4to 5 timesmore
likely to fall than older people without cognitive impairments
[4,6,7]. Despite close observation and monitoring by caregivers,
the onset of agitation isoften unpredictable[8]. In fact, research
has shown that agitation in persons with dementiain long-term
care settings is associated with higher medication use and an
increased likelihood of experiencing falls, fractures, infections,
and other neuropsychiatric symptoms compared to older adults
without agitation (odds ratio 1.58 for falls, 95% Cl 1.41-1.77;
P<.001); thus, it isimportant to devel op an approach to effective
management of agitation symptomsin this population to prevent
falls[5].

The Impact of Dementia on Caregivers

While much of the literature focuses on the fact that caring for
persons experiencing moderate to severe dementia creates a
heavy burden on caregivers, leading to caregiver burnout [9],
only a few papers have highlighted ways in which caregivers
of persons experiencing moderate to severe dementia can bring
joy and happiness to their loved ones [10,11]. Furthermore,
evidence has demonstrated that persons experiencing moderate
to severe dementia can continue to express joy for minutes
beyond remembering an event that was joyful [12]. However,
moretypically, theliterature documents how informal caregivers
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(eg, spouses or adult children) for persons experiencing
moderate to severe dementia experience chronic stress,
depression, sleep disorders, poor health, low quality of life, and
early mortality [13]. Family caregivers who live together with
persons experiencing moderate to severe dementia show severe
dleep disturbance compared to caregivers of personswith other
health conditions, such as stroke or cancer [14]. Moreover,
family caregivers of persons with dementia are twice as likely
to experience depression as caregivers of persons without
dementia [13,15]. Early mortality among spousal caregivers of
persons with dementiais aso not uncommon [16].

As aresult, persons experiencing moderate to severe dementia
are often removed from their homes due to worsening dementia
and the heavy burden on caregivers [13,17]. Furthermore,
despite evidence that person-centered intervention strategies
may improve aperson’s state[ 18], such strategies are not widely
adopted, and the factors impacting the success of such
interventions are not fully understood [9,19]. Anecdotes and
personal experiences shared by caregivers as well as recent
literature suggest that the success of person-centered care may
depend upon a caregiver’s ability to relate to the patient and
show empathy or the ability to imagine what they may befedling
or thinking [20]. However, the successful implementation of
such care requires intense training, particularly when abusive
behavior is present [9,19].

The Current Status of the Use of Socially Assistive
Robotsasa Health Care Approach

Socially assistive robots are innovative solutions to deliver
quality care for patients with dementia and to reduce agitation
viaverbal and nonverbal communication [21-23]. Social robots
are typically equipped with onboard sensing technologies,
including cameras and motion sensors, to sense the patient’s
state and can support verbal and nonverbal communication with
the person. Some robots come in the shape of an animal (ie, a
dog) and have been shown to help persons with dementiabuild
socia relationships [22]. However, human-like robots
(humanoids) that can demonstrate social patient-robot
relationships can aso have therapeutic effects, as measured in
positive emotional responses|24]. Such social relationshipsare
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established through the presence of the socia robot and
sensorimotor interaction with the robot using haptics and vision
(eg, touching and seeing the robot) and through the use of sound
(eg, laughter). Currently, it isnot clear whether and how robots
might lower therisk of agitation through verbal communication.
Furthermore, existing work on social robots fails to address 1
important issue: that agitation is associated with dynamically
changing emotional disturbances[3].

Moreover, there is not sufficient research on how to design a
care companion robot (CCR) that is equipped with such a
conversational and empathetic intelligence that combines sound
in the form of speech features with language-based interaction.
Currently, thereisalack of understanding in how to best design
emotionally aware robots that use empathetic conversations to
trigger positive emotional change. Thus, research isneeded that
integrates both streams of research to close the gap on how
emotional intelligence and empathetic conversations with
caregiving robots can have therapeutic effects.

The specific research gaps we identified include three points:
(1) Theformsand thetime-variant nature of emotions expressed
by persons experiencing moderate to severe dementia are not
sufficiently understood. (2) Existing technical solutions for
emotion detection using data-driven machine learning (ML)
algorithms, trained and fine-tuned on large amounts of data
collected from healthy individuals and labeled, have not been
sufficiently evaluated in the context of dementia, given the
scarcity of emotional state data for patients experiencing
moderate to severe dementia. While thereis an active research
community focused on detecting dementia based on language,
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speech signals, facial expression, and body movements, emotion
detection for patients with dementia is not well studied. (3)
Existing social robotslack the emaotional intelligence to respond
to person-specific emotional states through empathetic
language-based communication, such as displaying
understanding of a person’s feelings and emations through
words and speech features (eg, using a warm tone). Existing
conversational robots use standard implementations of large
language models (LLMs) without considering the challenges
of fine-tuning such language models for greater empathy.
Research on empathy alignment in general, and in the particular
context of health care and dementia care, is scarce and requires
significant exploration. Thefew available effortsto align LLMs
either use simple prompt engineering or rely on data sets from
social media platforms that have been labeled without a deep
consideration of the language-specific properties of empathy
[25-27]; (4) finally, beyond the technical research gaps related
toML and artificial intelligence (Al) and LLMs, the correlation
relationship between different forms of emotions with motor
impairments expressed in agitation and subsequent fals is
unclear. While new research papers continue to be published
on the impact of socially assistive robots on persons
experiencing moderate to severe dementia[24], theresearch is
still in a nascent stage. We believe that our study will provide
significant contributions by building on recent research and
addressing the af orementioned points. Table 1 articulatesalack
of emotional intelligence and empathy-based conversations by
existing robots versus our proposed CCR, which overcomes
these limitations.

Table 1. Comparison of existing social robots’ limitations with the proposed care companion robot (CCR) improvements in emotional intelligence and

empathy-based conversations.

Example

Limitations of existing social robot capabilities

Future capabilities of our social robot: the CCR

Paul, an 82-year-old resident with
moderate to severe dementia, wakes
up most mornings, forgetting how to
use his walker as he gets out of bed.

He gets upset and angry trying to get out of bed. His

social robot in the room, noticing amovement, approach-
esand startstalking using astandard dial ogue flow with
anormal voice pitch: “Hello Paul, how can | helpyou?’
This makes Paul even more upset, worsening his emo-

His CCR in the room senses a potential emotional
shift ahead of time as Paul’s facial expression, body
movement, and utterances indicate that he is becom-
ing angry. When Paul starts trying to get out of bed,
the CCR starts talking to Paul using soft language:

tional state. He becomes very angry and agitated, but
the robot keeps asking: “How can | help you?’ Paul’s
agitation escalates. He shouts at the robot: “ You can't
help me, stupid robot. | do not need your help.” Paul
tries to get up without the walker and almost falls.
Luckily, the caregiver observing Paul comes into the

“Good morning, Paul! Shall we go to breakfast?’ At
this point, the CCR pauses to ensure that the com-
ment was understood and then continues the conver-
sation: “Let’suse our walker thismorning.” The CCR
now shows an image of the walker which is close
by, before speaking again: “But before we go, let us

room and prevents the fall by calming him down using
soft language and talks about exciting eventsin Paul’s
past, about which he still has strong memories.

talk about your colleague at Boeing that you worked
with.” Paul’s response: “ You mean Alfred? He was
such agreat guy.” Paul continues his personal story,
and the CCR responds, adding facts that Paul has
forgotten. In the meantime, the caregiver, who had
been informed about a potential onset of agitation,
moves the walker closer to Paul so that he can get
out of bed safely. Paul gets up. While walking to the
breakfast room, the CCR and Paul are talking about
Alfred. Paul has a happy start to his day.

The Proposed CCR

A CCR is an advanced technological solution designed to
provide assistance, support, and companionship for older adults,
while addressing specific challenges associated with aging and
cognitive decline. Equipped with autonomousindoor navigation,
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human-safe movement capabilities, and robust open robotics
framework middleware (Open Source Robotics Foundation,
Inc), the robot seamlessly navigatesindoor environmentswhile
ensuring safety and reliability. Its multimodal interaction
capabilities enabl e intuitive communication with users through
speech, touch, and physical gestures using head and neck
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movement, facilitated by an Android tablet interface. With a
suite of environment-monitoring sensors and customization
options, the robot can be used to detect anomalies and adapt to
various use cases, including the early detection of behavior
changesindicative of conditions such as dementia. Powered by
an onboard NVIDIA Jetson Orin device, it processes sensor
data and executes tasks with high performance and efficiency,
making it a valuable companion and caregiver support tool for
older adults.

While the theoretical mechanism for storytelling in soothing
agitationisyet to be articulated, Rios Rincon et al [28] reported
that storytelling has helped to support memory, reminiscence,
identity, and self-confidence—potential mechanisms under
which storytelling may reduce agitation. Furthermore, other
authors found that quality of life, depression, and the quality of
the carer-patient relationship improved after the intervention
with storytelling [29], perhaps because storytelling helps to
build therapeutic relationships, bonds, rapport, comfort, and
trust between older adults and caregivers[30], possibly leading
to reduced agitation and fall risk. By providing mental
stimulation, such as by storytelling, cognitive functions (eg,
attention, executive function, and memory) may be improved
and agitation, depression, and anxiety may be reduced [31,32].

Objectives

This study describes the design and implementation of
computational patient-robot interaction research designed to
predict agitation and mitigate fall risk and tests the strategies
in both asimulation laboratory with up to 50 undergraduate and
graduate students and 12 persons experiencing moderate to
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severe dementia, who are residents of board and care facilities.
The study aims to (1) collect and store new data sets used to
train a CCR; (2) design new computational models focused on
persons experiencing moderate to severe dementia; (3) develop
new systems of empathy-based conversational models, using
LLMs and theories of linguistics; and (4) pilot an
empathy-focused intervention model for the CCR using a
guasi-experimental intervention design and evaluate the
conversational intervention longitudinally using mixed methods
approaches.

Methods

Study Design

The proposed 2-year study builds on the expertise of a
multidisciplinary research team (ie, nursing, computer sciences,
ML, Al, engineering, linguistics, and medicine). We will use
computational ML and Al methods to first collect noninvasive
data and devel op model sthat can forecast a person’s emotional
state, agitation level, and gait pattern in real time, using ML
and Al and Personicle, a person-centric temporal activity or
states database developed at the University of Californialrvine
(UCI) Ingtitute for Future Health, and then test and eval uate the
empathy-focused conversation model for the CCR in the
community, using quasi-experimental and mixed methods
approaches (Figure 1). We will use dynamic event analysis of
conversations between the empathy-focused CCR and persons
experiencing moderate to severe dementiato examine theimpact
of conversational events during a heightened emotional state
on agitation level and gait pattern.

Figure 1. Thedesign componentsof an empathy-focused conversation model to train acare companion robot (CCR) to assesstheimpact of conversational

events on patients with moderate to severe dementia agitation.

Modeling
intelligence

The aims of the study are as follows:

« Aim 1: collect and store granular Personicle data, using
real-time visual, audio, and physiological sensing
technologies in a simulation laboratory and at board and
care facilities

« Aim2: develop statistical modelsto understand and forecast
the emotional state, agitation level, and gait pattern of a
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RenderX

L Designing
Facility o

person experiencing moderate to severe dementia in real
timeusing ML and Al and Personicle
Aim 3: design and test an empathy-focused conversation
model focused on storytelling

« Aim4: test and eval uate the empathy-focused conversation
model for the CCR in the community
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Before the onset of the study, a community advisory board
(CAB) will be formed to ensure that community feedback will
be integrated into the logistics of the study, ensuring privacy
and safety, as well as the relevance of the empathy-focused
conversational models delivered by the CCR. The team will
meet 3timesin thefirst year of the study. The CAB isdesigned
to help guide CCR observation and modeling and, over the
2-year study, provide ongoing evaluative feedback on usability
and acceptability collected from family and professional
caregivers. All members of the CAB will be compensated for
their time.

Recruitment

Our study is being conducted at 4 board and care facilities in
southern California, owned and operated by a certified family
nurse practitioner. Each of the 4 facilities is licensed by the
department of socia services. Each board and care facility has
an occupancy of 6 residents, who are cared for by a
multidisciplinary team composed of nurse practitioners and
medical assistants, with periodic visits by a physician and a
music and exercise therapist. The residents are typically aged
=65 years, and the mgjority typically experience moderate to
severe Al zheimer disease; >50% al so experience comorbidities,
including hypertension and congestive heart failure, or have
experienced acerebrovascular accident. These conditionsrequire
24-hour supervision and assistance due to safety concerns. The
research staff work closely with the owner, who will ensurethat
all eligible residents (or their surrogates) receive a flyer about
the study.

Sample and Setting for Human Par ticipant
Engagement for Specific Aims 1, 3, and 4

For aim 1 (observation of persons experiencing moderate to
severe dementia and interviews with family and professional
caregivers), am 3 (simulation laboratory role-plays with
undergraduate and graduate students), and aim 4 (testing and
evaluation of theimpact of CCR modeling), relevant detailsare
provided in the following subsections.

Aim 1: Persons Experiencing Moderate to Severe
Dementia

The sample will include persons experiencing moderate to
severe dementia residing at 4 board and care facilities in
southern California, where a total of up to 24 patients reside,
with turnover approximately every 6 months; approximately
25% (6/24) stay for 2 to 5 years. Current demographics reveal
an equal distribution of male and female residents, who are
predominantly White. The mean age is 88.3 (SD 5.72) years,
and at least 1 family caregiver isinvolved. Of the 19 residents,
16% (3/19) have mild dementia, 58% (11/19) moderate
dementia, and 37% (7/19) severe dementia. Particularly with
residents who experience agitation, the risk of falsis areality
that is very concerning. We estimate, at a minimum, that 32%
(6/19) residents will meet the eligibility criteria and remain at
the facility throughout the 2-year study, with new patients
admitted every month.

Theinclusion criteriaare asfollows:. (1) admitted by aphysician
as a person experiencing moderate to severe dementia, (2)
residing at 1 of the 4 board and care facilities, (3) aged =40
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years, and (4) consent provided by a legally authorized
representative. The exclusion criterion is as follows: severe
medical conditions that would limit participation in the study,
including terminal illness.

Aim 1 and Aim 4: Family Caregivers

The sample will include up to 14 family caregivers of persons
experiencing moderate to severe dementia who will be asked
about their interest in participating in informal interviews to
discuss any experiences in dealing with agitation and the fall
risk of their family member and the joyful times their family
member experienced (aim 1). For aim 4, up to 6 family
caregivers whose family member with dementiais enrolled in
the 3-month intervention and who provide consent will be
administered 2 structured instruments at baseline and 3-month
follow-up. They will also participatein aformal interview about
how the CCR functioned in mitigating agitation and fall risk.
The inclusion criteria are as follows: aged =18 years, English
speaking, and self-reported family member of the person
experiencing moderate to severe dementia.

Aim 1 and Aim 4: Professional Caregivers

The sample will include up to 5 professional caregivers of
persons experiencing moderate to severe dementia who work
at the board and care facility and who will be asked about their
interest in participating in informal interviews to discuss any
experiences in dealing with agitation and the fall risk of the
person experiencing moderate to severe dementiathey care for
at the board and care facility. They will also be asked to share
experiences of what makes the person experiencing moderate
to severe dementia joyful versus sad (aim 1). For aim 4, up to
5 professional caregiverswho carefor the persons experiencing
moderate to severe dementia enrolled in the 3-month
intervention and provide consent will be administered 2
structured instruments at baseline and 3-month follow-up. They
will also participate in a formal interview about how the CCR
functioned in mitigating agitation and fall risk. The inclusion
criteria are as follows aged >18 years, English speaking, and
working at the board and care facility.

Aim 3: Undergraduate and Graduate Student Volunteers

For am 3, approximately 50 student volunteers will be
consented to spend approximately 1 hour in the simulation
laboratory and will be trained by our investigative team to
role-play aperson with dementiawho is experiencing emotions
such as agitation. To capture authentic emotions, students may
also be provoked to display emotions as well. The inclusion
criteriaare asfollows. aged =18 years, enrolled undergraduate
or graduate student at UCI, and English speaking.

Ethical Considerations

I nstitutional Review Board Approval

Two ingtitutional review board (IRB) requests have been
submitted to the University of California Irvine (UCI)
institutional review board. The first IRB request (hnon-human
subject research), approved in December 2023 (UCI IRB
#3795), related to accessing publicly available data sets
containing multimodal and sensory input data for modeling
emotion states, the degree of agitation and gait, as well as
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training the CCR for empathy-based conversational interventions
for aims 2 and 3. The second IRB request (human subject
research in the minimal-risk biomedical track) was approved
inMarch 2024 for all aims (UCI IRB #4150). The IRB approval
includes accessto medical records and the observation of clinical
care, and a partial waiver of Health Insurance Portability and
Accountability Act (HIPAA) authorization has been requested.

I nformed Consent

Family Caregiversand Health Care Professionals

At the beginning of the study, a study team member will provide
family and professional caregivers with comprehensive
information about the study and obtain their consent.

Participants With Dementia

Asthe participantswith dementiamight be cognitively impaired,
the informed consent procedure will use a validated
decision-making assessment tool [33] tailored to the cognitive
abilities of participants with moderate to severe dementia. This
tool will assess each participant’s capacity to comprehend the
study objectives and procedure and determine their capability
to provideinformed consent regarding participation in the study.
If the assessment indicates the participant’'s lack of
decision-making capacity to provide informed consent
independently, a surrogate decision maker who is a legally
authorized representative or afamily member will beidentified.
The study team will inform the decision maker about the study,
provide comprehensive details, and obtain their consent on
behalf of the participant.

In addition, despite requiring surrogate consent, efforts will be
made to obtain assent from the participant whenever possible.
The assent process involves presenting information about the
study in a manner that aligns with the participants’ cognitive
abilities; seeking their agreement or disagreement (through
words or nonverbal cues, including body language, facia
expressions, gestures, or signs of agitation or discomfort when
study-rel ated discussions arise); and respecting their preferences
to the best extent feasible.

However, because the study involvesindividual swith moderate
to severe dementia, we anticipate fluctuations in
decision-making capacity due to the natural progression of the
disease. Consequently, participants ability to provide or
withdraw informed consent may vary throughout the study
duration. Therefore, because regular assessments of
decision-making capacity are essential, qualified professionals
will continue to evaluate participants’ ability to comprehend
study information and make informed decisions. If, during the
study, individual s demonstrate a diminished capacity to provide
consent, the protocol outlines proceduresfor involving surrogate
decision makers or legally authorized representatives to act in
the participant’s best interests. It is essential to mention that
participation in the study is completely voluntary, and all
participants can opt out at any time without consequences.

Privacy and Confidentiality

The participants personal information and identifiers will be
kept separate from the study data, and a code will be assigned
to each participant. The deidentified data will be used for
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analysisand training purposes. After capturing audio and visual
data of participants for whom they or their family members or
legal guardians have provided consent, we will use the ARX
data anonymization tool to anonymize sensitive personal data.
All geographic locations, contexts, and environmental datawill
be abstracted to ensure that the collected data cannot be traced
back to their original providers and will not be transmitted or
stored in our cloud servers. In the cloud servers, the participants
datawill be processed using automated tools. We will make all
relevant dei dentified dataand findings available after publication
and will honor intellectual property rights.

The single electronic file containing participant identifiable
information will be password protected and stored on a
laboratory computer in the principal investigator’s locked
laboratory, to which only the lead researcher, coresearchers,
and study coordinators will have access. Research data will be
stored electronically on a secure cloud-based data collection
storage system maintained by the UCI Computer Science team
led by a co-investigator.

As the audio recordings serve as primary training data for the
CCR, itiscrucial to preserve the integrity of identifiable audio
recordingswithout transcription to preserve voice characteristics
such astone, intonation, and nuances in speech patterns, which
are crucial for capturing the full complexity of human speech
in developing ML algorithms. Therefore, the audio recordings
will not be transcribed to prevent aloss or distortion of training
data quality. However, deidentification procedures commence
immediately after the audio recordings are obtained, ensuring
minimal delay in protecting participant confidentiality.

The deidentification process for audio recordings involves
several steps: (1) using specialized software such as Audacity
or Adobe Audition designed for deidentification purposes; (2)
using voice masking methods (including pitch shifting, time
stretching, or applying filters to modify the frequency
characteristics of the voice) within thesetoolsto alter the pitch,
tone, or timbre of the participants’ voices to make them less
recognizable; (3) conducting quality checks to ensure that all
identifiable information has been effectively removed or altered;
(4) using speech intelligibility metrics such as signal-to-noise
ratio, mean opinion score, and perceptual evaluation of speech
quality to objectively measurethe clarity of the modified audio;
and (5) finally storing the deidentified audio recordings securely
in a protected database to prevent unauthorized access.
Similarly, preserving identifiable video recordings without
transcriptioniscrucial for comprehensive emotion and agitation
detection aswell asgait analysis, especially intraining the CCR.
These recordings contain critical contextual cues, facia
expressions, body language, and environmental elements, and
deidentification riskstheintegrity of developing precisetraining
models. Therefore, the video recordingswill not be deidentified.

Compensation

For aims 1 and 4, interviews will take place with family and
professional caregivers, and a compensation of US $20 will be
provided per interview. We anticipate conducting interviews
with 8 to 14 family and professional caregivers for aim 1 and
with 6 to 12 family and professional caregivers for aim 4. In
addition, we will compensate approximately 50 students who
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will take part in the simulation laboratory role-plays (aim 3)
with US $10 each.

Resear ch Description

Aim 1

For aim 1, we will collect and store granular Personicle data
using rea-time visual, audio, and physiological sensing
technologies (including the CCR) to gain adeeper understanding

of the emotiona state, agitation level, and gait pattern of a
person experiencing moderate to severe dementia over time.

Activity 1: Real-Time Data Collection and Sensing

The milesand outcomesinvolve creating (1) adatabaseto store
the hourly activities and behavioral states of a person
experiencing moderate to severe dementiain real time and (2)
a database to store their stories as episodic knowledge graphs.

Real-Time Sensing to Create Personicles

We will capture the behavioral states and patterns of a person
experiencing moderate to severe dementia through real-time
“lifelogging” using motion-sensing red-green-blue cameras
with video capture and voice recording capacity (Microsoft
Kinect), optical motion sensors (light detection and ranging
[LIDAR] sensors), and remote photoplethysmography (rPPG)
[34]. rPPG is a honinvasive optical technique used to estimate
physiological parameters (eg, heart rate) remotely from a
distance without the need for direct contact with the skin. The
cameras and sensors will be installed in 2 bedrooms and the
living room at 1 board and carefacility at atime. We will begin
observation of 2 patients at atime over at least a2-month period,
starting in month 2 and continuing until month 15, to capture
the logs of 8 to 14 persons experiencing moderate to severe
dementia. At least 6 to 8 persons experiencing moderate to
severe dementia will remain for the full 2 years. In month 16,
wewill introduce the CCR and also useit asareal-time sensing
device (using its onboard camera and LIDAR sensor). The
CCR’s vision system is equipped with a human identification
system. It can recognize >1 patient and track them (the CCR is
also capable of identifying the caregivers). Thisalowsthe CCR
tolog the gait pattern, activities, and agitation level of the person
under observation. This system will be configured during the
start-up or onboarding process.

These sensing technologies will capture lower-level atomic,
person-centric data—the “logs’—with atimescal e of 1 minute
that can be enriched with higher-level, more meaningful
behavioral states using the models developed in activity 2.
Specifically, we will model the emotional state, agitation level,
and gait pattern of a person experiencing moderate to severe
dementia and design a multimodel taxonomy and activity and
states ontology, extending the existing Personicle, a
person-centric temporal activity and states database devel oped
at the UCI Institute for Future Health. For the purpose of
recognizing agitation, our initial approach involves constructing
models that leverage audiovisua sensing technologies. These
models are designed to accurately recognize and categorize
standard agitated behaviors as outlined in the Cohen-Mansfield
Agitation Inventory [35,36]. Thisinventory includes arange of
specific activities, such askicking, grabbing, pushing, throwing
objects, and screaming. After successfully capturing and
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classifying these activities, the next phase will focus on using
these models to evaluate and quantify agitation levels in
individuals with moderate to severe dementia. We will store
activities or states at the minute level. This ontology will be
used in activity 2 to find the relationships among the hourly or
daily states and activities and to create arobust temporal activity
model.

The ultimate goal of the CCR system is to develop a dynamic
model that accurately captures an individual’s behavioral
patterns. Thismodel isintended to iteratively adapt and respond
in a manner that positively influences and enhances these
behaviors. In pursuit of this objective, a certain degree of
tolerance for inaccuracy is considered acceptable, particularly
in the precise identification of specific emotional states or the
exact nature of agitated symptoms. Thisapproach acknowledges
that while exact details are beneficial, the primary focusis on
the overall effectiveness of the model in improving behavioral
outcomes.

Collecting Personal Stories

We will collect personal stories from our sample as input for
activity 3. Our sensing devices will “lifelog” personal stories
shared without probing when persons experiencing moderate
to severe dementia converse with their caregivers at the board
and carefacilities. In addition, wewill also elicit personal stories
through informal interviews of the caregivers at least twice a
week. By monitoring the behavioral state of persons
experiencing moderate to severe dementia in their rooms, we
can al so categorize these events by emotion and agitation levels.
Data will undergo manual review and labeling by our team of
qualified clinical experts, performed offline for optimal focus.
In addition, 2 to 3 interviews will be conducted with at least 1
family caregiver and the trained facility staff to collect
information about their experiences about personal stories that
have helped reduce agitation. Wewill also ask family members
to share archival data (eg, videos of the persons experiencing
moderate to severe dementia in the past as well as recordings
of social and family events) that are representative of the past
and positive or negative stories of the persons experiencing
moderate to severe dementia. The unstructured natural language
data will be trandated into a knowledge graph to represent
events or stories and additional attributes (eg, people and
emotions) over time as an episodic relationship.

Aim 2
For aim 2, we will devel op statistical modelsto understand and
forecast the emotional state, agitation level, and gait pattern of

aperson experiencing moderate to severe dementiain real time
using ML and Al.

Activity 2: Modeling Behavioral and Cognitive States

The miles and outcomes involve devel oping statistical models
for modeling emotional states, agitation, and gait.

Modeling Emotional States

To model the emotional state of aperson experiencing moderate
to severe dementia, we will design multimodal ML and Al
models using 4 types of data: natural language content, facial
expression, body movements, and vocal features. Wewill focus
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on modeling emotions from each modality (eg, text as natural
language content) and then integrate these models to create a
comprehensive multimodal model. The goal is to evaluate the
emotional content of aconversation at aparticular pointintime.
In establishing these models, we consider both theoretical and
technical aspectsto ensure robustness. Specifically, in the case
of the text modality, we will adapt existing theories (eg, the
theory postulated by Parrott [37]) and ML and Al techniques
(eg, pretrained models, such as Robustly Optimized
Bidirectional Encoder Representations From Transformers
Pretraining Approach [ROBERTd] [38], with fine-tuning) for
inferring emotions from natural language to the context of
dementia when modeling emotions using text extracted via
speech-to-text techniques (for a comprehensive review, refer
to the study by Zad et a [39]). This is especialy pertinent to
feature representation processes. In these processes, we will
obtain word embeddings for emotionswith the assumption that
multiple emotional states can coexist simultaneously (for further
information, refer to the study by MohammadiBaghmolaei and
Ahmadi [40]). Our analysis will focus on 6 distinct emotional
states: sadness, fear, joy, love, surprise, and anger. In the
modeling process, we will pretrain our models on open-source
data setswidely used for emotion recognition tasksin the natural
language processing community (eg, the Interactive Emotional
Dyadic Motion Capture Database [[EMOCAP] [41]) and then
retrain them on data sets focused on conversation data from
persons experiencing moderate to severe dementia, using both
open-source data sets (eg, DementiaBank [42]) and our own
(ie, the National Ingtitute on Aging [43]).

Beyond the text modality, we will also train a deep learning
model, using images and videos containing thefacia expressions
of a person experiencing moderate to severe dementia to infer
emotions such as joy, sadness, or anger from their smiles,
frowns, brow movements, and lip configuration. We will train
our modelsusing largeimage data sets such as Facial Expression
Recognition 2013 [44], while also considering retraining them
on data sets specific to patients with dementia [45,46]. In
addition, videos and motion sensors will be used to infer
emotions from a patient’s body movements. Audio datawill be
used to infer emotions based on markers such as speech rhythm,
voice intensity, and other spectral features (eg, mel-frequency
cepstral  coefficients). Empathy modeling, including the
alignment of L L Msusing prompt engineering and reinforcement
learning techniques, will also be conducted, considering the
relationship between emotion and empathy.

Our research aims to make scientific contributions to ML and
Al for emotional intelligence and empathetic conversation of
CCRsintwo main ways: (1) designing anew multimodal model
for empathy classification that enables CCRsto senseapatient’s
emotional stateinreal time; and (2) aligning LLMsfor empathy
using various techniques, such as prompt engineering,
reinforcement learning, or a combination of both. For the first
point, we plan to build a semisupervised ML model that uses a
transformer architecture and pretrain it on healthy data sets. We
will evaluate this baseline using dementia data sets carefully
labeled by domain experts with respect to the emotional state
of patients with dementia. We will then improve this baseline
model by enhancing its self-supervision based on features
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identified from 4 modalities (ie, natural language content, facial
expressions, body movements, and vocal features) in data
collected from patientswith dementia. Wewill examine different
ML and Al models and evaluate their performance in both
guantitative and qualitative ways.

Our major contribution will be the development of a
semisupervised emotion classifier that integrates multiple data
modalities, including text, speech features, facial images, and
body movements. We will use established evaluation protocols
and metrics, such as accuracy, precision, F;-score, recall, and
confusion matrices, to assess and compare various models to
evaluate this baseline model. We will complement these
evaluation protocol swith aqualitative evaluation and inspection
of our emotion classifier. Furthermore, we will also examine
the model’s run time, given the need for real-time evaluation
of emotions.

For the second point, we will first evaluate existing open LLMs
(eg, OpenLLaMA and NeuroLLaMa) using our own
benchmarking data set and data sets published by others [27].
Building on this, we will then use prompt engineering methods
to enhance the empathetic capabilities of the LLMS
conversations. To assess the performance of these fine-tuned
LLMs, we will use well-established metrics and protocols in
alignment research, including F;-score, Bilingual Evaluation
Understudy score, accuracy, precision, and recall. In addition
to prompt engineering, wewill leverage reinforcement learning
to optimize the LLMsfor empathy. Specifically, we plan tofirst
useinversereinforcement learning to devel op areward function
for ahighly empathetic caregiver.

Modeling the Degree of Agitation

Wewill developan ML and Al model for the agitation exhibited
by a person experiencing moderate to severe dementia that
captures disturbancesin verbal, vocal, or motor activity. Instead
of relying on caregiver assessments, this model measures
agitation in an objective way, using images, videos, and motion
sensors, aswell as collects nonintrusive physiological datausing
rPPG sensors (refer to the Rea-Time Sensing to Create
Personicles subsection). We first aim to extend recent novel
research for modeling agitation viainertial body sensorsto our
setting of nonintrusive rPPG sensing [47]. We plan to enrich
such models using image analysis following recent efforts to
infer agitation via facial grimacing rather than body sensing
[48]. We also aim to integrate vocal or verbal data to infer
agitation states based on disturbances in verbal motor action.
Using thismultimodel ML and Al approach, we can enrich the
Personicle of aperson experiencing moderate to severe dementia
by incorporating degrees and types of agitation (eg motoric
functions). We will then build predictive models that allow us
to predict both emotions and agitational states.

Modeling Gait

To facilitate continuous yet honintrusive monitoring of gait and
mobility, we will use a vision-based method to conduct
comprehensive evaluations of crucial gait factors. Through the
application of state-of-the-art computer vision techniques, the
method will assess gait speed, step length, step width, knee
flexion angle, and the Timed Up and Go test. The foundation
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of the vision-based method lies in its use of dependable and
adaptable body pose estimation algorithms, which can be
tailored to monitor and assess transitional activities. Thus, a
more comprehensive comprehension of the gait patterns of the
person experiencing moderate to severe dementia will be
achieved, leading to a more precise identification of potential
fall risks[49]. Integrating time-variant, person-level emotional,
agitation, and mobility states will allow usto build models for
understanding their causal relationships and prediction of
high-risk events.

The system has been designed to operate in a hormal home
setting. Standard gait parameters such as gait speed, step length,
step width, and cadence will be calculated using acombination
of computer vision, statistical ML, and trigonometry. The Timed
Up and Go test, which is a standard test, has been estimated
from the aforementioned parameters using an ML model [50].

Aim 3

For aim 3, we will design an empathy-focused conversation
model for successful human-robot intervention that considers
the emotional state of aperson experiencing moderate to severe

dementia and associated events (using the outcomes of activity
1 and activity 2).

Activity 3: Designing Empathy-Focused CCR-Patient
Interaction and Simulated Evaluation

The miles and outcomes involve developing natural language
processing—based language models incorporating time-variant
emotional states and events; an interface for empathy-based
interaction (speech plus text display); and ssmulated validation
of CCR usability as well as the impact of the conversational
model on human emotional states, trust, and cognitive load.

In activity 3, we will focus on designing the empathy-focused
intervention model for the CCR. The CCR is a socia robot
(standing 3 feet 9 inches tall and weighing 26 kg) that is
primarily focused on acting as acompanion for communication
with the person experiencing moderate to severe dementia. In
addition, it acts as a sensing device for activity 1. It is distinct
from other social robots such as PARO, AIBO, or MINI, which
are pets. The CCR isequipped with a 12-inch display and audio
featuresto communicate with the person experiencing moderate
to severe dementia via not only speech and sound (eg, music)
but also text and visua content (eg, pictures and movies
displayed). The software or hardware platform architecture of
the CCR is modular and uses awidely adopted robot operating
system. With state-of-the-art simultaneous localization and
mapping (SLAM) and human-aware navigation capabilities,
the CCR can expertly navigate complex environments while
prioritizing the safety and well-being of humans.

Indeed, SLAM algorithms are used in many robotics applications
in health care settings not only for research but aso for
day-to-day practice. Thus, the contribution to thefield of SLAM
research is not the priority of this research; instead, our focus
lies on emotional intelligence and empathetic conversation.
However, to ensure safety using SLAM, the team will advance
existing SLAM models using vision for human recognition (in
combination with other sensors such as those using LIDAR
technology) to account for the dynamic environment in
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safety-critical conditions such ascaregivingusing visual SLAM,
which integrates state-of-the-art research from fast-advancing
computer vision research. Similar to the approach of Fang et al
[51], we a@m to improve the map construction of visual SLAM
to alow for dynamic scene construction.

Design of an Emotionally Aware and Empathy-Based
Conversational Model

To develop the CCR’s emotional intelligence, we will leverage
the results of the activity described in the Modeling Emotional
States subsection to design an Al model for understanding and
predicting the emotional state and agitation level of a person
experiencing moderate to severe dementia, using real-time
sensing viathe sensing technol ogiesin the room. Using this Al
model, the CCR will interact with the person experiencing
moderate to severe dementia when the likelihood of an
emotional disturbance or agitation increases, using an
emotionally aware and empathy-focused conversation model.
To realize such a conversational model, we will extend an open
LLM in away that enables the CCR to engage in empathetic
storytelling with the person experiencing moderate to severe
dementia. To do so, we will design a rule-based prompt
engineering model that changes the degree of empathy of the
CCR’slanguage. This empathy-prompting technique builds on
recent research by Brunswicker et a [52] integrating Al with
theories of empathy display in linguistics, reflecting the rules
about how syntax and rhetoric in language display shape
empathy in social conversations. In this research, the effect of
Al-enabled empathy display in conversations with an artificial
agent has been validated in randomized behavioral experiments
with healthy participants exhibiting different degrees of
emotional disturbances (eg, anger). We will advance these
rule-based models in the context of patients with dementia to
investigate the linguistic dimension of empathy for lowering
the risk of agitation. Furthermore, we will integrate the LLM
with an episodic knowledge graph that represents the
personalized stories of the person experiencing moderate to
severe dementia as connections of events, people, and activities
[53]. This will enable the CCR to engage in personalized
storytelling using empathetic language at the onset of an
emotional arousal.

Design of the User I nterface

Using the results of the activity described in the Design of an
Emotionally Aware and Empathy-Based Conversational Model
subsection, we will design a conversational interface that uses
adual-mode communication approach, incorporating both audio-
and text-based interactions. This approach will allow the CCR
to display empathy through its voice and on the display screen.
Through these 2 ways, personal storieswill be conveyed to the
person experiencing moderate to severe dementia. Our design
will focus on usability, aiming to reduce the cognitive load of
the person experiencing moderate to severe dementia. To
achievethis, we will draw upon established usability heuristics
for interaction-enabled applications and revise our existing
interface through aniterative and heuristic-based usability design
process. This process will involve devel oping personas, which
describe fictional or real individuals that represent end-user
needs. These personas will support the product design of the
audio and text interface.
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In evaluating the usability of this interface, we will base our
tests on established literature, specifically focusing on 2 widely
used methods in the practitioner community: the 10 general
principlesfor user interface design postulated by Nielsen [54,55]
and the heuristics for conversational agent design proposed by
Langevin et a [56]. We specifically plan to use the criteria
proposed by Langevin et al [56] with some modification asthe
basisfor the design of our audio and speech interface. Evaluation
heuristics can be broadly categorized into 3 main areas: design
(eg, aesthetic and minimalist design), content (eg, designing
content for dialogue), and security (eg, data privacy). We will
iteratively evaluate and update the interface to ensure optimal
usability and performance accordingly.

Simulated Validation

Before evaluating our new empathy-focused CCR at the board
and carefacilitieswith persons experiencing moderate to severe
dementia, we will work in the simulation laboratory of the UCI
Sue & Bill Gross School of Nursing [57]. First, wewill usethe
laboratory for simulated, randomized experiments to examine
whether and how our newly designed conversational model for
the CCR responds to videos and audio recordings of the board
and care facility residents experiencing moderate to severe
dementia collected in the activity described in the Activity 1.
Real-Time Data Collection and Sensing subsection and played
on a large screen to perform out-of-sample validation
experiments related to the persons experiencing moderate to
severe dementia. We will evaluate the CCR'’s response time to
approach the screen, its choi ce of apersonal story, and its ability
to align with the emotional state of the person experiencing
moderate to severe dementia using both quantitative and
qualitative techniques. Specifically, wewill examinethe content
of thelanguage, voi ce pitch, and the content logic of the stories.
Afterward, we will perform exploratory evaluation studies as
well as randomized controlled trials with healthy humans. We
will carefully sample approximately 80 undergraduate and
graduate students. Some will be provoked to be emotionally
disturbed, using established scientific methods of emotion
induction [58,59]. In the randomized controlled trias, we will
use a simple 2x2 factorial treatment design (with CCR or
without CCR and emationally stable vsemotionally disturbed),
with sessions lasting up to 1 hour. The goa is to evaluate
usability, trustworthiness, helpfulness, cognitive load, and
emotional states, aswell as agitation levels before and after the
interaction with the CCR (refer to the Activity 2: Modeling
Behavioral and Cognitive States subsection) [58,59].

Aim4
For aim 4, we will pilot an empathy-focused intervention model
for the CCR using aquasi-experimental intervention design and

evaluate the conversational intervention longitudinally using
mixed methods approaches.

Activity 4: Pilot Implementation and Field Study

The miles and outcomes involve evaluating the impact of the
CCR on the emotional state, agitation level, and gait pattern of
6 persons experiencing moderate to severe dementia and
assessing the acceptability and usability of caregivers. We will
userelational event analysis of empathy-focused conversations
of patientsand the CCR combined with pathway analysis of the
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persons experiencing moderate to severe dementia to examine
dynamics over time.

Pilot | mplementation

Starting in month 16, a total of 3 patients at a time will be
interacting with 3 CCRs over a period of 3 months (1
introductory month for the patient and the CCR to become
familiar with each other, while assessing for and mitigating
agitation caused by the CCR aswell as evaluating usability and
acceptability periodically with family and professional staff
every 2 weeksduring a 2-month intervention period). Thereafter,
an additional 3 persons experiencing moderate to severe
dementia will be followed over the next 3 months, with
observation ending in month 21 and fina anaysis and
dissemination to follow. During the testing period, the CCR
will be placed in the corner of the designated rooms; the family
caregivers or staff will not need to program it in any way. At
the onset of potential emotional disturbance, the CCR will move
toward the person experiencing moderate to severe dementia,
observe them closdly, and start talking to them using
empathy-focused conversations. The conversation will vary,
depending on whether the person experiencing moderate to
severe dementia expresses fear or anger. The CCR will use
storytelling with the person experiencing moderate to severe
dementiato prevent an onset of agitation when it detectsrelevant
signals. If the CCR’s empathy-based conversations to prevent
agitation are not successful, thetraditional de-escalation strategy
will be applied, such asfacility caregiver support and behavioral
intervention (caregivers are always notified of any agitation
events), aswell as, if necessary, the use of medication indicated
and previoudly prescribed for theindividual person experiencing
moderate to severe dementia.

Evaluation (Quantitative)

We will measure the emotional state, agitation level, and gait
pattern of the person experiencing moderate to severe dementia
[48-53,57-65] using the models developed earlier (refer to the
Activity 2: Modeling Behaviora and Cognitive States
subsection). This computational and nonintrusive granular
measurement isvery novel for dementiaresearch and allowsus
to associate conversational events with the emotiona state of
a person experiencing moderate to severe dementia. We will
then perform a quantitative cross-sectional event-level analysis
(comparing similar event periods within and without CCR
interactions) and an intervention analysis using a dynamic
event-state model for a few case settings, alowing us to
understand how interactions with the CCR affect the outcomes
of persons experiencing moderate to severe dementiaover time
(eg, relationa event modeling). We will also use longitudinal
analysis to assess perceived stress and health among family
caregivers, with assessments at baseline (beginning at month 1
of the 3-month intervention with the CCR) and after the
intervention (end of month 3), using the Caregiver
Self-Assessment Questionnaire [66]. For thefacility caregivers,
we will use the Maslach Burnout Inventory [67] to assess
emotional exhaustion and depersonalization.

Evaluation (Qualitative)
We will also conduct interviews with both types of caregivers
to assess acceptability and usability, with questions to assess
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why the CCR did or did not impact the emotional state, agitation
level, and fall risk. Thematic analysis on transcribed data from
the caregivers will be conducted by qualitative investigators
(AN and JAL), along with trained research staff, using arigorous
process[68]. Invivo coding will be generated from thefirst and
second cycle codes of the participants' responses [69]; these
datawill then be organized into a Microsoft Excel file.

The rigor of the iterative data analysis will be ensured by the
trustworthiness of data (ie, credibility, confirmability,
transferability, and dependability) [70]. Credibility will be
ensured by delivering the sessionsin safe and confidential areas
to ensure open communication and audio recording and
transcribing all conversationsto ensurethat the dataare credible.
Credibility will befurther established by having 2 trained coders
involved in the coding process, with a senior coder overseeing
the entire process. Confirmability will be ensured through
ongoing discussions of caring for the persons experiencing
moderate to severe dementiawith the caregivers and asking for
feedback on previously collected data. Finally, dependability
will be ensured by providing a detailed description of the
methods used.

Data Management and Data Security

All study data will be entered and managed using REDCap
(Research Electronic Data Capture; Vanderbilt University), a
secure, web-based application designed to support research data
entry and storage. Data will be entered using el ectronic tablets
with secure socket layer protocol and protected by a firewall
service provided by the Office of Information Technology. Data
encryption and network-based access and key management
services will be used for data storage.

Results

CAB Formation

To provide cultural nuances for the development and training
of the CCR, a CAB was formed in December 2023. The CAB
is composed of 6 members, 3 (50%) of whom are family
caregivers of patients with dementia residing at the board and
care facilities, with the other 3 (50%) being directors of, or
professional caregivers working at, these facilities. During the
first of several meetings that will occur several times over the
period of the grant, the members expressed gratitude for the
work that has been planned and highlighted the importance of
the work in mitigating fall risk among patients with dementia.

Activity 1. Real-Time Data Collection and Sensing

Architecture devel opment for Personicle began in January 2024,
using an existing open-source data set and foundations from
the skel eton-based recognition module devel oped several years
earlier [71]. To date, 16 actions (atomic, transition, and agitation
markers) have been designed using client-server architecture.
Accuracy to date is 99% on the test set and 96% on the
validation set. Currently, we are devel oping atracker with facial
recognition capabilities for persons experiencing moderate to
severe dementia and their caregivers.

Furthermore, to set the stage for capturing audio and visual
images of the patientswith dementiain their residential settings,
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camera stations were meticulously designed and customized
according to the specific needs of the facilities we inspected.
These internet-connected cameras are capable of detecting
movement and start recording for 30 seconds when motion is
sensed. In addition, a workstation computer was purchased in
June 2024, and we will be using its graphics processing unit for
training the models for aims 1 and 2; this workstation will also
serve as substantial storage for all collected data. In addition,
an automated and secure pipeline was devel oped, allowing the
cameras to compress and transmit recorded videos, including
point cloud images, and audio data to our high-performance
workstation, where team members can securely access and
analyze the data.

To test the functionality of our cameras, we conducted
role-playing scenarios, simulating interactions between patients
with dementia and caregivers, guided by dementia experts and
facility observations. These simulations helped us identify
potential issues, such as the high volume of the televisions in
the rooms interfering with the detection of conversations
between patients and caregivers, thereby limiting our ability to
detect signs of agitation or emotional changes from audio cues.
We addressed these issues by finding solutions to improve the
accuracy of our recordings under such conditions. Through
these activities, we created a simulated data set that mirrors
real-life situations involving patients with dementia. This data
set has been instrumental in training and testing our modelsto
detect possible agitation or emotional changes, ensuring our
system’sreliability and effectivenessin real -world applications.

Activity 2: Modeling Behavioral and Cognitive States

First, as described in the Modeling Emotional States subsection,
we initiated the development of ML and Al models by
identifying open-source data sets and pretrained model s relevant
to our primary interests, such asemotion recognition and action
recognition. These models serve as baselines for our project.
This stage is particularly pertinent for problems related to
classification or detection. Therefore, we focused on finding
suitable open-source data sets and integrating them into our
research objectives. Theresults of this stage are 2-fold: data set
identification and construction and modeling.

Our initial objective wasto establish an emotion classifier using
various methods (eg, semisupervised method). To achievethis,
we explored multiple data sets for emotion classification in the
context of persons experiencing moderate to severe dementia
and identified DementiaBank, which includes both text and
audio filesfrom 78 patients with dementia. Asthe data set was
not labeled, 7 human labelers, 3 (43%) of whom are domain
experts, were involved in the labeling process, during which
we preprocessed the data set, including audio segmentation and
utterance extraction from the text. During a training session,
we built aguideline for labeling based on discussions with the
labelers. Thereafter, the labelers labeled the data according to
this guideline. The labeling activity has since been completed,
and the labeled data are currently undergoing validation.

In parallel with the labeling activity, we established a baseline
model for emotion classification using the IEMOCAP as well
as the Multimodal EmotionLines Dataset (MELD) [72],
open-source data sets widely used in emotion classification
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tasks. TheIEMOCAP includes 151 dyadic dialogues, whilethe
MELD consistsof 1039 dyadic dial ogues; both data sets contain
text and audio data from healthy individuals. We obtained
features from pretrained models, such as ROBERTa, for text
and speech representation. Thereafter, multimodal modeling
for emotion was implemented using transformers with
self-attention and cross-attention layers, followed by emotion
prediction. Through both quantitative and qualitative analyses
of the results, we found that enhancing feature representations
of each modality contributes to model performance.

Concurrently, ateam from NaviGAIT and computer scientists
from UCI are working on detecting agitation. We used the
collected data and trained several models to detect different
types of motions, such as sitting, standing, and so on, and
annotate the video every 3 seconds. Currently, we are at the
phase of training the model and improving its accuracy in
detecting agitation. For audio, we are ableto detect audio events
using the Agitation Maker, which converts the audio into text
and applies semantic scoring using a generative pretrained
language model to obtain an agitation score. Thiswork isunder
progress.

Activity 3: Design of the User Interface

In terms of aim 3, the design use subgroup began devel oping
personas by April 2024 and to date has developed 10 personas
characterizing persons experiencing moderate to severe dementia
that will be useful for training the models. The personasinclude
the backgrounds of real persons residing at board and care
facilities, with first names and pictures replaced, and includes
brief descriptions of the persons, interests, personality, sleep
quality, heath conditions and medications prescribed,
conversational ability, and entertainment and communication
devices used, as well as what makes them happy or upset.
Finally, more recently, we added behaviors to watch for that
often leads to agitation and caregiver instructions for dealing
with these behaviors. A second document was also devel oped
that outlines the typical daily activities of each person
experiencing moderate to severe dementia.

Next Steps

Using client-server architecture, work is ongoing in predicting
an action and activity every 3 seconds (refer to the Activity 1:
Real-Time Data Collection and Sensing subsection). With
multiple camera stations to be placed in position soon, the
continued functionality of the cameras will be tested using
role-playing. Furthermore, wewill continue to advance the data
set that mirrors real-life situations involving patients with
dementia, which will be used to train and test our models to
detect possible agitation or emotional changes, ensuring our
system’sreliability and effectivenessin real -world applications.
Ongoing design-use personas and workplans will be created to
add rich premodel training data.

Once an appropriate baseline model is identified, we will
proceed to gather data. In scenarioswhere suitable data sets are
unavailable, we will undertake the collection of in-house data,
tailored to our specific requirements. In instances where an
open-source data set is available but inadequately labeled, our
team will perform a meticulous process of relabeling the data

https://www.researchprotocols.org/2024/1/e55761

Nyamathi et a

to ensure alignment with our research needs. Following data
acquisition and preparation, we will embark on thetraining and
fine-tuning of our model. This process leverages the baseline
model and is informed by the unique characteristics of our
collected or curated data set.

The next step involves retraining the baseline model on the
labeled data of persons experiencing moderate to severe
dementia (ie, DementiaBank), after training and fine-tuning the
baseline model with healthy data sets (ie, the IEMOCAP and
the MELD), followed by both quantitative and qualitative
analyses. This process includes building and testing various
architectures, such as enhancing modality representations (eg,
text representation), to improve model performance. Considering
the nature of the data for emotion recognition (eg, imbalance
and datasize), wewill adopt and devel op various ML techniques
(eg, attention weight) to mitigate potential issuesthat can arise.
In paralel, we will establish a baseline model for empathy
recognition using LLM aignments, including prompt
engineering and reinforcement learning, considering the close
relationship between emotion and empathy. Both quantitative
and qualitative analyses of the results of al interim processes
will be conducted. After scrutinizing these results and gaining
insights from the analyses, we will improve our baseline models
to build a robust empathic conversational model for the CCR,
with data to be collected.

The subsequent phase involves rigorous testing of the trained
model in various stages to ascertain its efficacy and reliability.
It isimperative to note that the transition from atrained model
toitsapplication in real-world settingsinvolves additional steps.
Given our use of Jetson devices for edge computing, we will
convert the trained model into TensorRT format. This
conversion is a critical step to facilitate the deployment of the
model on edge devices. Such deployment enables rea-time
inference while also adhering to privacy considerations, acrucia
aspect of our research protocol.

Finally, aim 4 will bethe culmination of our evaluation, wherein
the CCRs will be stationed at the residences of the persons
experiencing moderateto severe dementiaenrolled in our study.
Our goa is to then test and evaluate the empathy-focused
conversation model for the CCR with the enrolled residentsand
gather qualitative data from both family and professional
caregivers.

Plan for Pretraining the Robot

We plan to develop a robust and efficient pretraining strategy
for emotion detection in patients with dementia using publicly
avalable data sets. We will first follow an unsupervised
pretraining plan using speech feature extraction (eg,
mel-frequency cepstral coefficients, pitch, and energy), visual
feature extraction (eg, facia features related to emotion
expressions, such as action units and facial landmarks), and
physiological feature extraction (physiological signals such as
heart rate and heart rate variability). The second step involves
using supervised pretraining through fine-tuning the pretrained
model on smaller, labeled data sets. Finaly, we will further
fine-tune the pretrained model on the final emotion detection
task specific to patients with dementia.
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Our review of current literature indicated the availability of
publicly accessible data sets, including the Dem@Care,
DementiaBank, and UCI Alzheimer’s Disease Research Center
data set collections. The available data formats are text, voice,
video, and sensor data (physiological signals). All data setsare
in English, astheinclusion criteriawere set and include healthy
participants as well as participants experiencing dementia. The
data sets were collected in controlled settings, such as research
laboratories, or uncontrolled settings, such as home care or
participants’ homes.

To enhance the existing literature review seamlessly, we will
delve deeper into data sets that provide a nuanced perspective
on dementia-related research; for example, 1 data set that stands
out isDem@Care, which serves asaresource with its collection
of video and audio recordings captured in both laboratory and
home settings using the Microsoft Kinect red-green-blue-D
device. This data set goes further by including information on
sleep patterns and physiological aspects. Another example is
the Technology Integrated Health Management data set, which
may be promising for remote health care monitoring because
it leverages sensor data such asmotion and sleep mat recordings.
What makesthis data set particularly interesting isitsinclusion
of labelsfor agitation events over a 6-hour period, allowing for
correlations with sleep and activity data. Another valuable
resource may be the Prompt database from i2 labs, which adds
diversity by featuring video, audio, and facial expressions of
participants in a home-based setting. This database provides a
resource for training classification models.

By contrast, thereisthe DEAP data set, which focuses more on
classification but does not specifically revolve around patients
with dementia. For the dimension, we came across 2 data sets:
Mobile Device Voice Recordings a King's College London
and the ADReSS Challenge. These data sets serve as voice
banks for training audio-based models on individuals with
dementia. However, both data sets require annotations to
develop emotion-based audio models.

This careful choice of data sets, each with its own
characteristics, not only expands the range of our exploration
but also formsthe basisfor athorough and detailed investigation
into dementia across different methods and situations. As we
progress, it will be important to consider the validity of such
modeling and training using data sets from people without
dementia or mild dementia and may not be fully applicable to
persons with more advanced dementia. We will also consider
cultural adaptation aspects in the CCRs, including customs,
languages, and cultural social norms, in the designing phase.
Engaging with communities to understand their values and
preferences is key to ensuring that these robots are viewed as
helpful companions rather than intrusive tools.

Discussion

Findingsto Date

Worsening dementia places persons experiencing moderate to
severedementiaat high risk for significant declinesin cognition,
emoation, and behavioral disturbances, including fallsand serious
injury due to unpredictable agitation. The findings of our study
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to date include for aim 1 and its activities, identifying,
generating, and collecting public data sets for the training and
testing of our models. Weidentified the key activities associated
with persons experiencing moderate to severe dementia,
including signs of agitation (such as standing up, pushing, and
striking); we also located data sets for some of these activities
and generated sample data sets with staff in our simulation
laboratory and from the NaviGAIT team’s internal recordings
to train Al models to detect key activities and extract relevant
events. Thisactivity resulted in alist of motion and audio events
that we found to be correlated with agitation, along with their
respective data sets. Finally, we acquired acomputer workstation
and camera designed for custom data set creation in preparing
for aim 4 and testing real-world situations, along with capturing
new datain our simulation laboratory.

For aim 2, we established a baseline model with benchmark
data sets (ie, the IEMOCAP and the MELD) for the emotion
classification task before incorporating the labeled data of
persons experiencing moderate to severe dementia (ie,
DementiaBank; the data were labeled by our team). We
extracted features from each modality (ie, text and audio) using
pretrained models (eg, ROBERTa) and leveraged them for
multimodal modeling using transformer-based architectures.
Furthermore, our analyses indicate that text representation is
more challenging than speech representation. This may be due
to the fact that emotion is not heavily dependent on text.
Specifically, emotion is often implicit and not always conveyed
through emotion-specific words such as mad. As a result,
text-based emotion recognition can be more complex, especially
because contextual information playsacrucial rolein detecting
emotions within text. This discrepancy in  modality
representation merits further discussion.

Given our findings and analyses of the results, our next steps
include the following. First, we will navigate and develop
embedding techniques (eg, ontology-based approaches) to
enhance feature representations, especially text representation.
Inparallel, wewill apply our baseline model to the labeled data
and conduct quantitative and qualitative analyses of the results
to gain insights into the language of emotion expression of
persons experiencing moderate to severe dementia. Another
step includes finding waysto mitigate potentia problems caused
by highly skewed data (eg, multiple “neutral” labels in the
labeled data) because data quality is of paramount importance
to model performance. Our interim goal isto improve text and
speech modeling further. Following these steps, we will focus
on empathy modeling and LLM alignments, as well as
incorporating more modalities (eg, from video). We expect that
these interim processes will significantly contribute to achieve
our overarching goal: developing a robust empathic
conversational model for the CCR, with data to be collected,
ultimately benefiting persons experiencing moderate to severe
dementia.

Finally, as part of aim 3, we have begun to develop personas
and workplans focused on real persons experiencing moderate
to severe dementiato help in pretraining the models, which will
then set the stage for aim 4.
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Comparison With Prior Work

This proposed study is innovative in many ways. It uses a
caregiving approach, developed with advice from community
stakeholders, which will be tested both in our state-of-the-art
simulation laboratory and in the community. The CCR will be
designed to forecast and recognize signs of agitation and other
emotional behaviors and, upon recognition, intervene with
empathetic verbal communication. The CCRs will be assessed
for their ability to objectively observe, record, analyze, and
appropriately respond to persons experiencing moderate to
severe dementia, relieving human caregivers of some of the
time-consuming and stressful work they currently perform.
Robot caregivers can potentially reduce the escalation of
agitation among persons with moderate to severe dementia,
because robots, unlike human caregivers, will not be prone to
displays of distressed emotionsthat can exacerbate the distress
and behavioral disturbance of persons experiencing moderate
to severe dementia.

By the end of our study, we hopeto develop acomparable CCR
with our partnering board and care facilities where the persons
experiencing moderate to severe dementia reside. Currently,
we are developing the notification system that will enable the
CCRtodert professiona staff at the facilitieswhen their support
is needed for a patient.

Thecritical aspectswewill befocusing on relate to whether we
can train the CCR to predict agitation and be able to use
storytelling to cam the individual while a support person is
notified. We will be analyzing the communication and behaviors
of individuals with dementia within their environments. This
technique can then be applied to broader contexts, ensuring that
the care strategies are versatile enough to benefit awider range
of individuals in various care settings (from homes to
communities).

Strengths and Limitations

The strengths of our study are significant. Our team has been
collecting data from multiple sources, and the use of the
Personicle data, gathered through real-time “lifelogging,” will
beanovel approach. Interms of our emotion recognition model,
by leveraging diverse benchmark data sets such as the
IEMOCAP and the MELD, our model benefits from exposure
to varied conversational contexts, enhancing its generalizability.
Moreover, the multimodal approach, which extracts and
integrates features from text and speech, alows for a
comprehensive analysis of emotional information. Furthermore,
using transformer-based architectures, our model effectively
processes both local and global emotional context, handling the
short-term and long-term  dependencies inherent in
conversations. In addition, our model’s performance benefits
from the enhanced feature representation for each modality.

Despite these strengths, there are several prerequisites for the
CCRto deliver on thisvision. Thefirst isthe need for sufficient
datato train and test the algorithmic models. There is a dearth
of public data sets of persons experiencing moderate to severe
dementia due in large part to the sensitive persona health
information that would be reveal ed in an open format. Our team
isovercoming these challenges by the combination of searching
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for and identifying new data sets; using the simulation laboratory
to create data sets; and, for aim 4, testing the CCR at the board
and carefacilitieswith persons experiencing moderate to severe
dementia.

Furthermore, building model s for emotion classification comes
with its own set of challenges. First, the data distribution of
currently available benchmark data setsis highly skewed, with
many “neutral” labels. Moreover, the diverse data sources of
the benchmark data sets add to the complexity of the task.
Specifically, the IEMOCAP includes dyadic conversations,
whilethe MELD includes multiparty conversations. In addition,
the IEMOCAP was created by actors in a laboratory setting,
resulting in high-quality audio, whereas the MELD features
conversations from the television show Friends. Consequently,
model performanceis sensitiveto ambient factors, such asnoise.

Conclusions

Family caregivers of patients with dementia often experience
high levels of stresswhen dealing with aloved one's progressive
dementia, often resulting in family disruption, with persons
experiencing dementia being moved to community facilities.
Moreover, even at these facilities, there is an inability of the
professional staff to constantly observe and manage signs of
agitation and fal risk. Our study has been making great progress
in gathering existing data sets and collecting data via cameras
and, subsequently, Internet of Things devices. These granular,
personal, and chronological Personicle datawill provide one of
thefirst implementations of the framework envisioned by Jalali
et a [73]. The development of novel models that receive input
from persons experiencing moderate to severe dementia,
algorithmically assess their emotional state and determine the
appropriate intervention strategy, and deliver an empathetic
conversational intervention is perhaps the most significant
innovation in our proposal.

Dissemination Plan and Future Directions

While this study will be conducted in afacility, agitation is an
issue experienced by personswith dementiawho residein many
typesof facilitiesaswell asat home. Thus, regardless of setting,
the critical aspects we will be focusing on are whether we can
trainthe CCR to predict agitation and be able to use storytelling
to calm the individual while a support person is notified. We
will be analyzing the communication and behaviors of
individuals with dementia within their environments. This
techni que can then be applied to broader contexts, ensuring that
the care strategies are versatile enough to benefit awider range
of individuals in various care settings (from homes to
communities).

Future research will focus on devel oping the baseline model by
fine-tuning and enhancing feature representations. Thisincludes
assessing the model both quantitatively and qualitatively.
Thereafter, we will retrain the model with the data from
DementiaBank, which hasbeen carefully 1abel ed by our domain
experts. We will explore and develop various model
architectures (eg, semisupervised models) to analyze emotions
in both healthy and dementia data sets and evaluate the model
performance, after which features from another modality, video,
will be incorporated into the model. This proposal thus hasthe
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potential to have a significant impact on an emerging field of  persons experiencing moderate to severe dementia, while
computational dementia science and on society by reducing helping to relieve caregiver burden.
episodes of falls, injuries, and unnecessary hospitalizations of

Acknowledgments
Funding for the care companion robot was provided by the Noyce Institute.

Data Availability

Data sharing is not applicable to this study because no data sets have been generated or analyzed yet for the preparation of this
protocol manuscript.

Authors Contributions

AN and SB co-wrote the grant proposal, assisted in conducting the research, and drafted the manuscript. ND supervised the
methodology and reviewed the manuscript critically from atechnical perspective. JAL reviewed the manuscript critically from
the nursing perspective. DK, EK, CK, MA, AMR, MR, and SB played akey rolein assisting in designing the study and revising
the manuscript critically. HR, HL, RJ, FA, AA, BQ, and TYB contributed to software development. JL, LG, and JR reviewed
the manuscript critically.

Conflictsof Interest
None declared.

References

1. 2023 Alzheimer's disease facts and figures. Alzheimer's Association. 2023. URL: https.//www.al z.org/media/documents/
alzheimers-facts-and-figures.pdf [accessed 2024-02-18]

2. Tampi RR, Jeste DV. Dementiais more than memory loss. neuropsychiatric symptoms of dementia and their
nonpharmacol ogical and pharmacological management. Am J Psychiatry. Aug 2022;179(8):528-543. [doi:
10.1176/appi.ajp.20220508] [Medline: 35921394]

3. Cergjeiral, Lagarto L, Mukaetova-Ladinska E. Behavioral and psychological symptoms of dementia. Front Neurol.
2012;3:73. [FREE Full text] [doi: 10.3389/fneur.2012.00073] [Medline: 22586419]

4.  Fernando E, Fraser M, Hendriksen J, Kim CH, Muir-Hunter SW. Risk factors associated with fallsin older adults with
dementia: asystematic review. Physiother Can. 2017;69(2):161-170. [FREE Full text] [doi: 10.3138/ptc.2016-14] [Medline:
28539696]

5. Fillit H, Aigbogun M S, Gagnon-Sanschagrin P, Cloutier M, Davidson M, SerraE, et a. Impact of agitation in long-term
care residents with dementiain the United States. Int J Geriatr Psychiatry. Dec 2021;36(12):1959-1969. [FREE Full text]
[doi: 10.1002/gps.5604] [Medline: 34286877]

6. Beauchet O, Sekhon H, Schott A, Rolland Y, Muir-Hunter S, Markle-Reid M, et al. Motoric cognitive risk syndrome and
risk for falls, their recurrence, and postfall fractures: resultsfrom a prospective observational population-based cohort study.
JAm Med Dir Assoc. Oct 2019;20(10):1268-1273. [doi: 10.1016/j.jamda.2019.04.021] [Medline: 31201100]

7. BoothV, Logan P, Harwood R, Hood V. Falls prevention interventionsin older adults with cognitive impairment: a
systematic review of reviews. Int J Ther Rehabil. Jun 02, 2015;22(6):289-296. [doi: 10.12968/ijtr.2015.22.6.289]

8. Koenig AM, Arnold SE, Streim JE. Agitation and irritability in Alzheimer's disease: evidenced-based treatments and the
black-box warning. Curr Psychiatry Rep. Jan 23, 2016;18(1):3. [FREE Full text] [doi: 10.1007/s11920-015-0640-7] [Medline:
26695173]

9.  Narme P. Burnout in nursing staff caring for patients with dementia: role of empathy and impact of empathy-based training
program. Geriatr Psychol Neuropsychiatr Vieil. Jun 01, 2018;16(2):215-222. [doi: 10.1684/pnv.2018.0735] [Medline:
29877190Q]

10. Cohen-Mansfield J, Marx MS, Freedman LS, Murad H, Thein K, Dakheel-Ali M. What affects pleasure in persons with
advanced stage dementia? J Psychiatr Res. Mar 2012;46(3):402-406. [ FREE Full text] [doi: 10.1016/].jpsychires.2011.12.003]
[Medline: 22208995]

11. Person M, Hanssen |. Joy, happiness, and humor in dementia care: a qualitative study. Creat Nurs. 2015;21(1):47-52. [doi:
10.1891/1078-4535.21.1.47] [Medline: 25842525]

12. Guzméan-Vélez E, Feinstein JS, Tranel D. Feelings without memory in Alzheimer disease. Cognh Behav Neurol. Sep
2014;27(3):117-129. [FREE Full text] [doi: 10.1097/WWNN.0000000000000020] [Medline: 25237742]

13. LeeJA,KimHJ JUE, GuoY, Rousseau J, GibbsL, et al. A culturally and linguistically appropriate telephone support
intervention for diverse family caregivers of persons with dementia during the COVID-19 pandemic. J Fam Nurs. Aug
2022;28(3):231-242. [doi: 10.1177/10748407221106531] [Medline: 35786087]

https://www.researchprotocols.org/2024/1/e55761 JMIR Res Protoc 2024 | vol. 13 | €55761 | p. 15
(page number not for citation purposes)


https://www.alz.org/media/documents/alzheimers-facts-and-figures.pdf
https://www.alz.org/media/documents/alzheimers-facts-and-figures.pdf
http://dx.doi.org/10.1176/appi.ajp.20220508
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35921394&dopt=Abstract
https://europepmc.org/abstract/MED/22586419
http://dx.doi.org/10.3389/fneur.2012.00073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22586419&dopt=Abstract
https://europepmc.org/abstract/MED/28539696
http://dx.doi.org/10.3138/ptc.2016-14
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28539696&dopt=Abstract
https://europepmc.org/abstract/MED/34286877
http://dx.doi.org/10.1002/gps.5604
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34286877&dopt=Abstract
http://dx.doi.org/10.1016/j.jamda.2019.04.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31201100&dopt=Abstract
http://dx.doi.org/10.12968/ijtr.2015.22.6.289
https://europepmc.org/abstract/MED/26695173
http://dx.doi.org/10.1007/s11920-015-0640-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26695173&dopt=Abstract
http://dx.doi.org/10.1684/pnv.2018.0735
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29877190&dopt=Abstract
https://europepmc.org/abstract/MED/22208995
http://dx.doi.org/10.1016/j.jpsychires.2011.12.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22208995&dopt=Abstract
http://dx.doi.org/10.1891/1078-4535.21.1.47
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25842525&dopt=Abstract
https://europepmc.org/abstract/MED/25237742
http://dx.doi.org/10.1097/WNN.0000000000000020
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25237742&dopt=Abstract
http://dx.doi.org/10.1177/10748407221106531
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35786087&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Nyamathi et al

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

JuE, Burton C, Kim J, Guo Y, Park JI, Qu A, et al. Sleep disturbances and interrel ationship between personswith dementia
and family caregivers: the lived experiences of Korean American Dyads. Geriatr Nurs. 2024;55:144-151. [doi:
10.1016/j.gerinurse.2023.10.028] [Medline: 37995606]

Trinh Le C, Lee JA. Home visit based mindfulness intervention for Viethamese American dementia family caregivers: a
pilot feasibility study. Asian Pac Il Nurs J. 2021;5(4):207-216. [FREE Full text] [doi: 10.31372/20200504.1096] [Medline:
33791408]

Kim HJ, Kehoe P, Gibbs LM, Lee JA. Caregiving experience of dementia among Korean American family caregivers.
Issues Ment Health Nurs. Feb 2019;40(2):158-165. [FREE Full text] [doi: 10.1080/01612840.2018.1534909] [Medline:
30620625]

Leggett AN, Polenick CA, Maust DT, Kales HC. Falls and hospitalizations among persons with dementia and associated
caregiver emotional difficulties. Gerontologist. Mar 19, 2018;58(2):€78-e86. [ FREE Full text] [doi: 10.1093/geront/gnx202]
[Medline: 29365102]

Kaes HC, Lyketsos CG, Miller EM, Ballard C. Management of behavioral and psychological symptomsin people with
Alzheimer's disease: an international Delphi consensus. Int Psychogeriatr. Jan 2019;31(1):83-90. [doi:
10.1017/S1041610218000534] [Medline: 30068400]

Teri L, Logsdon R, Peskind E, Raskind M, Weiner M, Tractenberg R, et a. Alzheimer's Disease Cooperative Study.
Treatment of agitation in AD: arandomized, placebo-controlled clinical trial. Neurology. Nov 14, 2000;55(9):1271-1278.
[doi: 10.1212/wnl.55.9.1271] [Medline: 11087767]

Brown EL, Agronin ME, Stein JR. Interventionsto enhance empathy and person-centered carefor individual swith dementia:
a systematic review. Res Gerontol Nurs. May 01, 2020;13(3):158-168. [doi: 10.3928/19404921-20191028-01] [Medline:
31697393]

Huschilt J, Clune L. The use of socially assistive robots for dementia care. J Gerontol Nurs. Oct 17, 2012;38(10):15-19.
[doi: 10.3928/00989134-20120911-02] [Medline: 22998095]

YuR, Hui E, Lee J, Poon D, Ng A, Sit K, et a. Use of atherapeutic, socially assistive pet robot (PARO) in improving
mood and stimulating social interaction and communication for people with dementia: study protocol for arandomized
controlled trial. IMIR Res Protoc. May 01, 2015;4(2):e45. [FREE Full text] [doi: 10.2196/resprot.4189] [Medline: 25934173]
Yu C, Sommerlad A, Sakure L, Livingston G. Socially assistive robots for people with dementia: systematic review and
meta-analysis of feasibility, acceptability and the effect on cognition, neuropsychiatric symptoms and quality of life. Ageing
Res Rev. Jun 2022;78:101633. [FREE Full text] [doi: 10.1016/j.arr.2022.101633] [Medline: 35462001]

Otaka E, Osawa A, Kato K, Obayashi Y, Uehara S, Kamiya M, et a. Positive emotional responses to socially assistive
robots in people with dementia: pilot study. IMIR Aging. Apr 11, 2024;7:e52443. [FREE Full text] [doi: 10.2196/52443]
[Medline: 38623717]

SorinV, Brin D, Barash Y, Konen E, Charney A, Nadkarni G, et al. Large language model s (Ilms) and empathy-a systematic
review. medRxiv. Preprint posted online August 7, 2023. 2023. [FREE Full text] [doi: 10.1101/2023.08.07.23293769]
Hasan MR, Hossain MZ, Gedeon T, Rahman S. LLM-GEm: large language model-guided prediction of people’s empathy
levelstowards newspaper article. In: Proceedings of the 2024 Conference on the Association for Computational Linguistics.
2024. Presented at: EACL '24; March 17-22, 2024:2215-2231; St. Julian’s, Malta. URL : https.//aclanthol ogy.org/2024.
findings-eacl.147.pdf

Rashkin H, Smith EM, Li M, Boureau Y L. Towards empathetic open-domain conversation models: a new benchmark and
dataset. arXiv. Preprint posted online November 1, 2018. 2018. [FREE Full text] [doi: 10.18653/v1/p19-1534]
RiosRincon AM, Miguel Cruz A, Daum C, Neubauer N, Comeau A, Liu L. Digital storytelling in older adults with typical
aging, and with mild cognitive impairment or dementia: a systematic literature review. J Appl Gerontol. Mar 19,
2022;41(3):867-880. [FREE Full text] [doi: 10.1177/07334648211015456] [Medline: 34009053]

Subramaniam P, Woods B. Digital life storybooks for people with dementialiving in care homes: an evaluation. Clin Interv
Aging. 2016;11:1263-1276. [FREE Full text] [doi: 10.2147/CIA.S111097] [Medline: 27698556]

Damianakis T, Crete-NishihataM, Smith KL, Baecker RM, Marziali E. The psychosocial impacts of multimediabiographies
on persons with cognitive impairments. Gerontol ogist. Feb 2010;50(1):23-35. [doi: 10.1093/geront/gnp104] [Medline:
19592639]

Strong J. Immersive virtual reality and persons with dementia: aliterature review. J Gerontol Soc Work. Apr 24,
2020;63(3):209-226. [doi: 10.1080/01634372.2020.1733726] [Medline: 32091323]

Hirt J, Beer T. Use and impact of virtual reality simulation in dementia care education: a scoping review. Nurse Educ Today.
Jan 2020;84:104207. [doi: 10.1016/j.nedt.2019.104207] [Medline: 31669968]

Use of surrogate consent in research. University of California, Irvine. URL: https://research.uci.edu/
human-research-protecti ons/subject-enrol Iment/informed-consent/use-of -surrogate-consent-in-research, [accessed 2024-07-01]
Botina-Monsalve D, Benezeth Y, Miteran J. Performance analysis of remote photoplethysmography deep filtering using
long short-term memory neural network. Biomed Eng Online. Sep 19, 2022;21(1):69. [FREE Full text] [doi:
10.1186/s12938-022-01037-z] [Medline: 36123747]

Cohen-Mansfield J, Marx MS, Rosenthal AS. A description of agitation in anursing home. J Gerontol. May 01,
1989;44(3):M77-M84. [doi: 10.1093/geronj/44.3.m77] [Medline: 2715584]

https://www.researchprotocols.org/2024/1/e55761 JMIR Res Protoc 2024 | vol. 13 | €55761 | p. 16

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.gerinurse.2023.10.028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37995606&dopt=Abstract
https://aging.jmir.org/2021/4/207/
http://dx.doi.org/10.31372/20200504.1096
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33791408&dopt=Abstract
https://europepmc.org/abstract/MED/30620625
http://dx.doi.org/10.1080/01612840.2018.1534909
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30620625&dopt=Abstract
https://europepmc.org/abstract/MED/29365102
http://dx.doi.org/10.1093/geront/gnx202
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29365102&dopt=Abstract
http://dx.doi.org/10.1017/S1041610218000534
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30068400&dopt=Abstract
http://dx.doi.org/10.1212/wnl.55.9.1271
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11087767&dopt=Abstract
http://dx.doi.org/10.3928/19404921-20191028-01
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31697393&dopt=Abstract
http://dx.doi.org/10.3928/00989134-20120911-02
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22998095&dopt=Abstract
https://www.researchprotocols.org/2015/2/e45/
http://dx.doi.org/10.2196/resprot.4189
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25934173&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1568-1637(22)00075-7
http://dx.doi.org/10.1016/j.arr.2022.101633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35462001&dopt=Abstract
https://aging.jmir.org/2024//e52443/
http://dx.doi.org/10.2196/52443
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38623717&dopt=Abstract
https://www.medrxiv.org/content/10.1101/2023.08.07.23293769v1
http://dx.doi.org/10.1101/2023.08.07.23293769
https://aclanthology.org/2024.findings-eacl.147.pdf
https://aclanthology.org/2024.findings-eacl.147.pdf
https://arxiv.org/abs/1811.00207
http://dx.doi.org/10.18653/v1/p19-1534
https://journals.sagepub.com/doi/abs/10.1177/07334648211015456?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/07334648211015456
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34009053&dopt=Abstract
https://europepmc.org/abstract/MED/27698556
http://dx.doi.org/10.2147/CIA.S111097
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27698556&dopt=Abstract
http://dx.doi.org/10.1093/geront/gnp104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19592639&dopt=Abstract
http://dx.doi.org/10.1080/01634372.2020.1733726
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32091323&dopt=Abstract
http://dx.doi.org/10.1016/j.nedt.2019.104207
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31669968&dopt=Abstract
https://research.uci.edu/human-research-protections/subject-enrollment/informed-consent/use-of-surrogate-consent-in-research,
https://research.uci.edu/human-research-protections/subject-enrollment/informed-consent/use-of-surrogate-consent-in-research,
https://biomedical-engineering-online.biomedcentral.com/articles/10.1186/s12938-022-01037-z
http://dx.doi.org/10.1186/s12938-022-01037-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36123747&dopt=Abstract
http://dx.doi.org/10.1093/geronj/44.3.m77
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2715584&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Nyamathi et al

36.

37.
38.
39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

Finkel SI, Lyons JS, Anderson RL. Reliability and validity of the Cohen-Mansfield agitation inventory in institutionalized
elderly. Int J Geriat Psychiatry. Oct 13, 2004;7(7):487-490. [doi: 10.1002/gps.930070706]

Parrott WG. Emotionsin Social Psychology: Essential Readings. New York, NY. Psychology Press; 2001.

LiuY, Ott M, Goyal N, Du J, Joshi M, Chen D, et al. Roberta: arobustly optimized bert pretraining approach. arXiv.
Preprint posted online July 26, 2019. 2019. [FREE Full text]

Zad S, Heidari M, James Jr H, Uzuner O. Emotion detection of textual data: an interdisciplinary survey. In: Proceedings
of the 2021 |EEE World Al 10T Congress. 2021. Presented at: AlloT '21; May 10-13, 2021:0255-0261; Seattle, WA. URL:
https://ieeexplore.ieee.org/document/9454192 [doi: 10.1109/aiiot52608.2021.9454192]

MohammadiBaghmolael R, Ahmadi A. TET: text emotion transfer. Knowl Based Syst. Feb 2023;262:110236. [doi:
10.1016/].knosys.2022.110236]

Busso C, Bulut M, Lee CC, Kazemzadeh A, Mower E, Kim S, et a. IEMOCAP: interactive emotional dyadic motion
capture database. Lang Resour Eval. Nov 5, 2008;42(4):335-359. [doi: 10.1007/s10579-008-9076-6]

Becker JT, Boller F, Lopez OL, Saxton J, McGonigle KL. The natural history of Alzheimer's disease: description of study
cohort and accuracy of diagnosis. Arch Neurol. Jun 1994;51(6):585-594. [doi: 10.1001/archneur.1994.00540180063015]
[Medline: 8198470]

Data resources for behavioral and social research on aging. National Institute on Aging. Sep 23, 2023. URL : https:.//www.
nia.nih.gov/research/dbsr/data-resources-behavioral -and-social-research-aging [accessed 2024-07-01]

Goodfellow 1J, Erhan D, Luc Carrier B, Courville A, MirzaM, Hamner B, et a. Challengesin representation learning: a
report on three machinelearning contests. Neural Netw. Apr 2015;64:59-63. [doi: 10.1016/j.neunet.2014.09.005] [Medline:
25613956]

Khaireddin Y, Chen Z. Facial emotion recognition: state of the art performance on FER2013. arXiv. Preprint posted online
May 8, 2021. 2021. [FREE Full text] [doi: 10.5260/chara.21.2.8]

Minaee S, Minaei M, Abdolrashidi A. Deep-emotion: facial expression recognition using attentional convolutional network.
Sensors (Basel). Apr 27, 2021;21(9):3046. [FREE Full text] [doi: 10.3390/s21093046] [Medline: 33925371]

Bankole A, Anderson M, Knight A, Oh K, Smith-Jackson T, Hanson MA, et al. Continuous, non-invasive assessment of
agitation in dementiausing inertial body sensors. In: Proceedings of the 2nd Conference on Wireless Health. 2011. Presented
at: WH '11; October 10-13, 2011:1-9; San Diego, CA. URL: https://dl.acm.org/doi/10.1145/2077546.2077548 [doi:
10.1145/2077546.2077548]

Becouze P, Hann CE, Chase JG, Shaw GM. Measuring facial grimacing for quantifying patient agitation in critical care.
Comput Methods Programs Biomed. Aug 2007;87(2):138-147. [FREE Full text] [doi: 10.1016/j.cmpb.2007.05.005]
[Medline: 17574701]

James K, Schwartz AW, Orkaby AR. Mobility assessment in older adults. N Engl JMed. Aug 19, 2021;385(8):€22. [doi:
10.1056/nejmvem2009406]

MaJ. Predicting TUG scorefrom gait characteristics with video analysis and machine learning. In: Proceedings of the 2023
Chinese Intelligent Automation Conference. 2023. Presented at: CIAC '23; July 7-14, 2023:1-12; Nanjing, China. URL:
https.//link.springer.com/chapter/10.1007/978-981-99-6187-0_1 [doi: 10.1007/978-981-99-6187-0 1]

Fang B, Mei G, Yuan X, Wang L, Wang Z, Wang J. Visual SLAM for robot navigation in healthcare facility. Pattern
Recognit. May 2021;113:107822. [FREE Full text] [doi: 10.1016/j.patcog.2021.107822] [Medline: 33495660]
Brunswicker S, Zhang Y, Rashidian CE, LinnaJr DW. Theimpact of empathy in conversational Al: acontrolled experiment
with alegal chatbo. In: Proceedings of the 57th Hawaii International Conference on System Sciences. 2024. Presented at:
HICSS '24; January 3-6, 2024:455-466; Waikiki, HI. URL: https://aisel .ai snet.org/cgi/viewcontent.

cgi ?article=1045& context=hicss-57

Pan S, Luo L, Wang Y, Chen C, Wang J, Wu X, et a. Unifying large language models and knowledge graphs: a roadmap.
arXiv. Preprint posted online June 14, 2023. 2023:1-20. [FREE Full text] [doi: 10.1109/tkde.2024.3352100]

Nielsen J. 10 usability heuristics for user interface design. Nielsen Norman Group. 1995. URL : https://www.nngroup.com/
articles'ten-usability-heuristics/ [accessed 2024-04-29]

Nielsen J. Usability inspection methods. In: Proceedings of the 1994 Conference Companion on Human Factorsin Computing
Systems. 1994. Presented at: CHI '94; April 24-28, 1994:413-414; Boston, MA. URL : https://dl.acm.org/doi/10.1145/
259963.260531 [doi: 10.1145/259963.260531]

Langevin R, Lordon RJ, Avrahami T, Cowan BR, Hirsch T, Hsieh G. Heuristic evaluation of conversational agents. In:
Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems. 2021. Presented at: CHI '21; May
8-13, 2021:1-15; Yokohama, Japan. URL : https./dl.acm.org/doi/10.1145/3411764.3445312 [doi: 10.1145/3411764.3445312]
Quifiones D, Rusu C. How to develop usability heuristics: a systematic literature review. Comput Stand Interfaces. Aug
2017;53:89-122. [doi: 10.1016/j.csi.2017.03.009]

Simulations become more crucial aslearning goes online. UCI Nursing School Simulation Laboratory. URL: https://nursing.
uci.edu/2020/05/nursing-simul ations/ [accessed 2024-04-29]

Lobbestael J, Van Vreeswijk MF, Arntz A. An empirical test of schema mode conceptualizations in personality disorders.
Behav Res Ther. Jul 2008;46(7):854-860. [doi: 10.1016/j.brat.2008.03.006] [Medline: 18460405]

https://www.researchprotocols.org/2024/1/e55761 JMIR Res Protoc 2024 | vol. 13| €55761 | p. 17

(page number not for citation purposes)


http://dx.doi.org/10.1002/gps.930070706
https://arxiv.org/abs/1907.11692
https://ieeexplore.ieee.org/document/9454192
http://dx.doi.org/10.1109/aiiot52608.2021.9454192
http://dx.doi.org/10.1016/j.knosys.2022.110236
http://dx.doi.org/10.1007/s10579-008-9076-6
http://dx.doi.org/10.1001/archneur.1994.00540180063015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8198470&dopt=Abstract
https://www.nia.nih.gov/research/dbsr/data-resources-behavioral-and-social-research-aging
https://www.nia.nih.gov/research/dbsr/data-resources-behavioral-and-social-research-aging
http://dx.doi.org/10.1016/j.neunet.2014.09.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25613956&dopt=Abstract
https://arxiv.org/abs/2105.03588
http://dx.doi.org/10.5260/chara.21.2.8
https://www.mdpi.com/resolver?pii=s21093046
http://dx.doi.org/10.3390/s21093046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33925371&dopt=Abstract
https://dl.acm.org/doi/10.1145/2077546.2077548
http://dx.doi.org/10.1145/2077546.2077548
https://core.ac.uk/reader/35459311?utm_source=linkout
http://dx.doi.org/10.1016/j.cmpb.2007.05.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17574701&dopt=Abstract
http://dx.doi.org/10.1056/nejmvcm2009406
https://link.springer.com/chapter/10.1007/978-981-99-6187-0_1
http://dx.doi.org/10.1007/978-981-99-6187-0_1
https://europepmc.org/abstract/MED/33495660
http://dx.doi.org/10.1016/j.patcog.2021.107822
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33495660&dopt=Abstract
https://aisel.aisnet.org/cgi/viewcontent.cgi?article=1045&context=hicss-57
https://aisel.aisnet.org/cgi/viewcontent.cgi?article=1045&context=hicss-57
https://arxiv.org/abs/2306.08302
http://dx.doi.org/10.1109/tkde.2024.3352100
https://www.nngroup.com/articles/ten-usability-heuristics/
https://www.nngroup.com/articles/ten-usability-heuristics/
https://dl.acm.org/doi/10.1145/259963.260531
https://dl.acm.org/doi/10.1145/259963.260531
http://dx.doi.org/10.1145/259963.260531
https://dl.acm.org/doi/10.1145/3411764.3445312
http://dx.doi.org/10.1145/3411764.3445312
http://dx.doi.org/10.1016/j.csi.2017.03.009
https://nursing.uci.edu/2020/05/nursing-simulations/
https://nursing.uci.edu/2020/05/nursing-simulations/
http://dx.doi.org/10.1016/j.brat.2008.03.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18460405&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Nyamathi et al

60.

61.

62.

63.

65.

66.

67.

68.
69.
70.

71.

72.

73.

Siedlecka E, Denson TF. Experimental methods for inducing basic emotions: a qualitative review. Emotion Review. Mar
01, 2018;11(1):87-97. [doi: 10.1177/1754073917749016]

Borowicz A, Zasadzka E, Gaczkowska A, Gawtowska O, Pawlaczyk M. Assessing gait and balance impairment in elderly
residents of nursing homes. J Phys Ther Sci. Sep 2016;28(9):2486-2490. [FREE Full text] [doi: 10.1589/jpts.28.2436)]
[Medline: 27799676]

Sakthivadivel V, Geetha J, Gaur A, Kaliappan A. Performance-oriented mobility assessment test and timed up and go test
as predictors of fallsin the elderly —across-sectional study. JFamily Med Prim Care. Nov 2022;11(11):7294-7298. [FREE
Full text] [doi: 10.4103/[fmpc.jfmpc_1294 22] [Medline: 36993044]

Nazareth DS. Emotion recognition in dementia: advancing technology for multimodal analysis of emotion expression in
everyday life. In: Proceedings of the 8th International Conference on Affective Computing and Intelligent Interaction
Workshopsand Demos. 2019. Presented at: ACIHHW '19; September 3-6, 2019:45-49; Cambridge, UK. URL: https.//ieeexplore.
ieee.org/document/8925059 [doi: 10.1109/aciiw.2019.8925059]

Siddiqui A, Khanna P, Kumar S. Progression analysis and facial emotion recognition in dementia patients using machine
learning. In: Proceedings of the 2023 International Conference on Network Security and Blockchain Technology. 2023.
Presented at: ICNSBT '23; March 24-26, 2023:489-500; Midnapore, India. URL : https://doi.org/10.1007/
978-981-99-4433-0_41 [doi: 10.1007/978-981-99-4433-0_41]

Adeli V, Korhani N, Sabo A, Mehdizadeh S, Mansfield A, Flint A, et al. Ambient monitoring of gait and machine learning
models for dynamic and short-term falls risk assessment in people with dementia. IEEE J Biomed Health Inform. Jul
2023;27(7):3599-3609. [doi: 10.1109/JBHI.2023.3267039] [Medline: 37058371]

Epstein-Lubow G, Gaudiano BA, Hinckley M, Salloway S, Miller IW. Evidence for the validity of the American Medical
Association's caregiver self-assessment questionnaire as a screening measure for depression. JAm Geriatr Soc. Feb 27,
2010;58(2):387-388. [doi: 10.1111/].1532-5415.2009.02701.x] [Medline: 20370867]

Kokkonen T, Cheston RI, Dallos R, Smart CA. Attachment and coping of dementia care staff: the role of staff attachment
style, geriatric nursing self-efficacy, and approachesto dementiain burnout. Dementia (London). Jul 14, 2014;13(4):544-568.
[doi: 10.1177/1471301213479469] [Medline: 24339071]

Saldafia J. The Coding Manual for Qualitative Researchers. 2nd edition. Thousand Oaks, CA. Sage Publications; 2013.
Saldafia J. The Coding Manual for Qualitative Researchers. 4th edition. Thousand Oaks, CA. Sage Publications; 2022.
Shenton AK. Strategies for ensuring trustworthiness in qualitative research projects. Educ Inf. Jul 19, 2004;22(2):63-75.
[doi: 10.3233/€fi-2004-22201]

DuanH, ZhaoY, ChenK, Lin D, Dai B. Revisiting skel eton-based action recognition. In: Proceedings of the 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2022. Presented at: CVPR '22; June 18-24, 2022:2969-2978;
New Orleans, LA. URL: https://ieeexplore.ieee.org/document/9879048 [doi: 10.1109/cvpr52688.2022.00298]

Poria S, Hazarika D, Majumder N, Naik G, Cambria E, Mihalcea R. Meld: a multimodal multi-party dataset for emotion
recognition in conversations. arXiv. Preprint posted online October 5, 2018. 2018. [FREE Full text] [doi:
10.18653/v1/p19-1050Q]

Jalali L, Huo D, Oh H, Tang M, Pongpaichet S, Jain R. Personicle: personal chronicle of life events. 2021. Presented at:
InWorkshop on Personal Data Analyticsin the Internet of Things (PDA@ |1OT) at the 40th International Conference on
Very Large Databases (VLDB); September 5, 2014; Hangzhou, China.

Abbreviations

Al: artificial intelligence

CAB: community advisory board

CCR: care companion robot

HIPAA: Health Insurance Portability and Accountability Act
IEMOCAP: Interactive Emotional Dyadic Motion Capture Database
LIDAR: light detection and ranging

LLM: largelanguage model

MELD: Multimodal EmotionLines Dataset

ML: machinelearning

REDCap: Research Electronic Data Capture

RoBERTa: Robustly Optimized Bidirectional Encoder Representations From Transformers Pretraining Approach
rPPG: remote photoplethysmography

SLAM: simultaneous localization and mapping

UCI: University of Californialrvine

https://www.researchprotocols.org/2024/1/e55761 JMIR Res Protoc 2024 | vol. 13 | €55761 | p. 18

(page number not for citation purposes)


http://dx.doi.org/10.1177/1754073917749016
https://europepmc.org/abstract/MED/27799676
http://dx.doi.org/10.1589/jpts.28.2486
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27799676&dopt=Abstract
https://europepmc.org/abstract/MED/36993044
https://europepmc.org/abstract/MED/36993044
http://dx.doi.org/10.4103/jfmpc.jfmpc_1294_22
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36993044&dopt=Abstract
https://ieeexplore.ieee.org/document/8925059
https://ieeexplore.ieee.org/document/8925059
http://dx.doi.org/10.1109/aciiw.2019.8925059
https://doi.org/10.1007/978-981-99-4433-0_41
https://doi.org/10.1007/978-981-99-4433-0_41
http://dx.doi.org/10.1007/978-981-99-4433-0_41
http://dx.doi.org/10.1109/JBHI.2023.3267039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37058371&dopt=Abstract
http://dx.doi.org/10.1111/j.1532-5415.2009.02701.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20370867&dopt=Abstract
http://dx.doi.org/10.1177/1471301213479469
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24339071&dopt=Abstract
http://dx.doi.org/10.3233/efi-2004-22201
https://ieeexplore.ieee.org/document/9879048
http://dx.doi.org/10.1109/cvpr52688.2022.00298
https://arxiv.org/abs/1810.02508
http://dx.doi.org/10.18653/v1/p19-1050
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Nyamathi et al

Edited by A Mavragani; submitted 22.12.23; peer-reviewed by J Cheung, C Jensen; comments to author 02.05.24; revised version
received 21.05.24; accepted 12.07.24; published 04.10.24

Please cite as:

Nyamathi A, Dutt N, Lee J-A, Rahmani AM, Rasouli M, Krogh D, Krogh E, Sultzer D, Rashid H, Liagat H, Jawad R, Azhar F, Ahmad
A, Qamar B, Bhatti TY, Khay C, Ludlow J, Gibbs L, Rousseau J, Abbasian M, Song Y, Jeong C, Brunswicker S

Establishing the Foundations of Emotional Intelligence in Care Companion Robots to Mitigate Agitation Among High-Risk Patients
With Dementia: Protocol for an Empathetic Patient-Robot I nteraction Study

JMIR Res Protoc 2024;13:e55761

URL.: https://www.researchprotocols.org/2024/1/e55761

doi: 10.2196/55761

PMID: 39365656

©Adeline Nyamathi, Nikil Dutt, Jung-Ah Lee, Amir M Rahmani, Mahkameh Rasouli, DonnaKrogh, Erik Krogh, David Sultzer,
Humayun Rashid, Hamza Liagat, Riyam Jawad, Farhan Azhar, Ali Ahmad, Bilal Qamar, Taha Yasin Bhetti, Chet Khay, Jocelyn
Ludlow, LisaGibbs, Julie Rousseau, Mahyar Abbasian, Yutong Song, Cheonkam Jeong, Sabine Brunswicker. Originally published
in IMIR Research Protocols (https://www.researchprotocols.org), 04.10.2024. This is an open-access article distributed under
the termsof the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the origina work, first published in IMIR Research Protocols, is
properly cited. The complete bibliographic information, alink to the origina publication on https://www.researchprotocols.org,
aswell asthis copyright and license information must be included.

https://www.researchprotocols.org/2024/1/e55761 JMIR Res Protoc 2024 | vol. 13| €55761 | p. 19
(page number not for citation purposes)

RenderX


https://www.researchprotocols.org/2024/1/e55761
http://dx.doi.org/10.2196/55761
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39365656&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

