JMIR MHEALTH AND UHEALTH Song et a

Original Paper

Digital Phenotyping of Geriatric Depression Using a
Community-Based Digital Mental Health Monitoring Platform for
Socially Vulnerable Older Adults and Their Community Caregivers:
6-Week Living Lab Single-Arm Pilot Study

Sunmi Song*?®, PhD; YoungBin Seo*’, MS; SeoYeon Hwang®®, BS; Hae-Young Kim***®, PhD, DDS; Junesun
Kim**%°, PT, PhD

1Department of Health and Environmental Science, Undergraduate School, Korea University, Seoul, Republic of Korea

2Department of Physical Therapy, College of Health Science, Korea University, Seoul, Republic of Korea

3Department of Public Health Sciences, Graduate School, Korea University, Seoul, Republic of Korea

4Department of Healthcare Sciences, Graduate School, Korea University, Seoul, Republic of Korea

SBK21FOUR: L-HOPE Program for Community-Based Total Learning Health Systems, College of Health Science, Korea University, Seoul, Republic
of Korea

6Department of Health Policy and Management, College of Health Science, Korea University, Seoul, Republic of Korea

Corresponding Author:
Junesun Kim, PT, PhD
Department of Health and Environmental Science
Undergraduate School

Korea University

661 B-Hana Science Building
Seongbuk-gu

Seoul, 02841

Republic of Korea

Phone: 82 2 3290 5689
Email: junokim@korea.ac.kr

Abstract

Background: Despite the increasing need for digital services to support geriatric mental health, the development and
implementation of digital mental health care systems for older adults have been hindered by alack of studiesinvolving socially
vulnerable older adult users and their caregiversin natural living environments.

Objective: Thisstudy aimsto determine whether digital sensing dataon heart rate variability, sleep quality, and physical activity
can predict same-day or next-day depressive symptomsamong socially vulnerable older adultsin their everyday living environments.
In addition, this study tested the feasibility of a digital mental health monitoring platform designed to inform older adult users
and their community caregivers about day-to-day changes in the health status of older adults.

Methods: A single-arm, nonrandomized living lab pilot study was conducted with socially vulnerable older adults (n=25), their
community caregivers (n=16), and a managerial social worker over a 6-week period during and after the COVID-19 pandemic.
Depressive symptoms were assessed daily using the 9-item Patient Health Questionnaire via scripted verbal conversations with
amobile chatbot. Digital biomarkers for depression, including heart rate variability, sleep, and physical activity, were measured
using awearable sensor (Fitbit Sense) that was worn continuously, except during charging times. Daily individualized feedback,
using traffic signal signs, on the health status of older adult users regarding stress, sleep, physical activity, and health emergency
status was displayed on amobile app for the users and on aweb application for their community caregivers. Multilevel modeling
was used to examine whether the digital biomarkers predicted same-day or next-day depressive symptoms. Study staff conducted
pre- and postsurveys in person at the homes of older adult users to monitor changes in depressive symptoms, sleep quality, and
system usability.

Results: Among the 31 older adult participants, 25 provided data for the living lab and 24 provided data for the pre-post test
analysis. The multilevel modeling results showed that increasesin daily sleep fragmentation (P=.003) and sleep efficiency (P=.001)
compared with one's average were associated with an increased risk of daily depressive symptoms in older adults. The pre-post
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test results indicated improvements in depressive symptoms (P=.048) and sleep quality (P=.02), but not in the system usability
(P=.18).

Conclusions: The findings suggest that wearable sensors assessing sleep quality may be utilized to predict daily fluctuations
in depressive symptoms among socialy vulnerable older adults. The results also imply that receiving individualized health
feedback and sharing it with community caregivers may help improve the mental health of older adults. However, additional
in-person training may be necessary to enhance usability.

Trial Registration: Clinical Trials.gov NCT06270121; https:/clinicaltrials.gov/study/NCT06270121

(JMIR Mhealth Uhealth 2024;12:e55842) doi: 10.2196/55842
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Introduction

Over the past 2 decades, there has been a notable increase in
geriatric depression and other psychiatric disorders, coinciding
with aglobal riseinlife expectancy and population aging [1-4].
Since 2009, South Korea has had the highest suicide rate for
older adults among the Organisation for Economic Co-operation
and Development (OECD) countries. This is attributed to
elevated levels of geriatric depression, economic poverty, and
social isolation resulting from the rapid nuclearization of the
family [5]. With the rapid aging of the global population, caring
for older family members with mental disorders has become an
overwhelming task for younger generations [6]. Despite the
increasing role of community services, there are significant
budget shortagesin local communities and government health
departments, aswell as alack of skilled geriatric labor to meet
the needs of these older adults with mental disorders.

The digitalization of mental health screening and intervention
is expected to provide innovative solutions to the challengesin
mental health care for older adults. For example, digital
phenotyping can facilitate the early detection of depression and
help reduce the high rate of undiagnosed depression (50%)
among older adults [7]. Digital phenotyping of mental health
is defined as the “moment-to-moment quantification of the
individual-level human phenotype of mental health status in
real-life contexts using data collected from personal digital
devices’ [8]. Recent studies have suggested the potential of
digital phenotyping for depressive symptoms using ecological
momentary assessments, including self-reports of depressive
mood [9]. Beyond momentary self-reports, digital sensing
technologies enable unobtrusive passive sensing of depressive
symptoms through smartphone apps, wearabl e sensors, and the
Internet of Things. The Internet of Things, a ubiquitous network
of interconnected devices, facilitates seamless data collection
and intelligent monitoring and management to ensure users
health and safety [10-13]. However, previous studies have
primarily examined digital phenotypes of depressive symptoms
in young adults or small groups of patients with depression.
This has created challenges in applying digital phenotyping
technologiesto older adults [3].

The underrepresentation of older adultsin digital mental health
care research is due to severa barriers hindering their
participation in studies involving novel digital technologies.

https://mhealth.jmir.org/2024/1/e55842

First, older adults often have sensory and cognitive impairments
that necessitate the use of different design principlesthan those
effectivefor young or middle-aged adults[14-16]. For example,
older adults generally prefer displays with simple layouts and
multimodal command functions, such as voice commands in
addition to touch screens. Second, implementing digital health
care services for older adults should involve both family and
community caregivers, who often do not live with the older
adult, as well as support from multiple community health care
ingtitutions[17,18]. When learning to use new technology, older
adults require repeated in-person assistance and educational
materials tailored to low digital literacy levels [14,15]. Digital
health care servicesare most likely to benefit older adultswhen
they can connect them to the necessary health care services
within the community. Third, the living environments of older
adults often hinder their use of digita mental health care
services, as a significant proportion (40%-60%) may not have
aninternet connection or accessto persona computersand other
mobile devices [19,20].

Thesefunctional, social, and environmental barriersunderscore
the necessity for proof-of-concept and feasibility trials for
geriatric mental health care services among older adults and
community caregivers in their natural living environments,
utilizing living labs [3,18]. Living labs are defined as
“user-centered, open innovation ecosystems based on a
systematic user co-creation approach, integrating research and
innovation processes in real-life communities and settings to
create sustainable impact” [21]. Living labs are essential for
designing solutionstailored to the needs of older adults. Digital
mental health services will not be acceptable or sustainable
unless they are designed to be compatible with the cognitive
and physical capacities of older adults, as well as their natural
living environments, and the working environments of
community caregivers. This compatibility can be ensured
through living lab testing [22,23].

This study aims to address the gap in current geriatric health
literature by testing the feasibility of a digital mental health
monitoring platform. This platform could be integrated with
existing community senior care services, aiming to prevent and
detect early signs of mental health decline in socially isolated
older adults. We conducted asingle-arm, nonrandomized living
lab pilot study involving 25 socially vulnerable older adults.
Theseindividual s received personalized daily health monitoring
in their natural living environments, both during and after the
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COVID-19 pandemic. Additionally, the monitoring results of
the older adult participants were shared with their community
caregivers (n=16) and a managerial social worker at a
community senior welfare center (hereafter referred to as the
“community center”). This information was utilized by
caregivers during their regular in-person senior caregiving
services and emergency responses. The study assessed pre- and
postintervention changes in mental health indicators (eg,
depressive symptoms and sleep quality) and the usahility of the
monitoring platform among older adults. Thisevaluation aimed
to test both the health-enhancing effects and the usability of the
platform. Additionally, beyond feasibility testing, the research
investigated whether utilizing digital biomarkers of geriatric
depression detected by a wearable sensor could predict daily
fluctuations in depressive symptoms among ol der adults.

Methods

Overview

This single-arm, nonrandomized living lab pilot study was
undertaken as part of a broader research endeavor aimed at
developing a sustainable digital health monitoring platform.
The platform is designed to be integrated with a
community-based public senior care service, with the goal of
enhancing the mental and physical well-being of older adults,
both during and following the COV1D-19 pandemic. Previously,
we conducted formative research using surveyswith older adults
(n=99) and focused group interviews involving older adults
(n=16), community caregivers(n=12), and socia workers (n=3)
at the community center. The objective was to identify the
primary health concerns among older adults, understand the
workflow of community caregiving services, and determinethe
necessary structures and features for the health monitoring
service platform. The present digital health monitoring platform
incorporates a smartphone chatbot, a smartwatch (Fitbit Sense;
GooglelInc.), and amotion-sensing camera (Azure Kinect SDK
1.3.0; Microsoft Corporation) installed in the home environment.
This platform is designed to enhance the self-care capabilities
of older adults by delivering daily updates on their mental and
physical health status compared with their baseline averages
established during theinitial week of theliving lab. Additionally,
the platform aimsto bolster the social support network of older
adults by sharing their daily health statusinformation and health

Figure 1. Timeline of the 6-week pilot living lab procedure.
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emergency aerts with their community caregivers. These
caregivers offer regular in-person senior caregiving servicesto
older adult users through the community center. Furthermore,
the information was shared with the managerial social worker
at the community center to provide assistance in case of any
health emergencies during and after the COVID-19 pandemic.
Before the pilot study, we conducted an informal prepilot test
involving study staff (n=6) to ensure the overall functionality
of mobile apps and processing algorithms. The resultsfrom the
motion-sensing camera, which wasintegrated with experimental
sessionsoutsidetheliving lab, are reported separately from this
study [24]. Trained research assistants, along with acommunity
caregiver, visited older adult participantsin their homesto obtain
informed consent and install a mobile app on the users
smartphones and digital devices. Participants were requested
to complete surveys at home both before and after the living
lab activities, aimed at gauging the usability of the platform and
assessing their mental and physical health status. The primary
randomized controlled trials featuring both intervention and
comparison groups have been registered (registered with
Clinicaltrials.gov; registration number NCT06270121); however,
this pilot study did not include a control group.

Figure 1illustratesthetimeline of theliving lab study procedure,
conducted from September 2022 to August 2023. The living
lab spanned 6 weeks, commencing with a 1-week adaptation
period. Older adults were instructed to launch the smartphone
app in the morning, which would prompt them to engage with
a chatbot inquiring about their well-being and presenting 2
questions regarding daily depressive symptoms. Following
interaction with the chatbot, participants could accesstheir daily
health status information, including stresslevels (measured via
the high frequency [HF] measure of heart rate variability
[HRV]), sleep quality (indicated by total sleep time and sleep
fragmentation), and physical activity (PA) levels (tracked by
step count) from the previous day. This information was
compared with their own average during the initial week of the
living lab. Voice recordings, daily health status updates, and
real-time emergency alerts of the older adult participants were
transmitted to their corresponding community caregivers and
the managerial social worker through the web or app interface.
Throughout the duration of the living lab, participants were
instructed to wear a smartwatch continuously, except during
battery charging periods.

|
{-

W/
- Installation of devices *  In-person fraining *  Removed devices *  Postliving lab survey
+  Preliving lab survey sessions and software from User feedback
users’ home

Trained research assistants conducted surveys at the homes of
older adults, both before and after the living lab, to assess
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significant changes in pilot trial outcomes, such as depressive
symptoms, sleep quality, and system usability. During the
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posttest survey, participants were also queried about the
frequency and types of functions they utilized on the platform
during the living lab period, and any additional feedback to
enhance the platform for the main trials.

To facilitate participants acclimatization to the digital
monitoring app and devices, and to mitigate the risk of missing
data, amember of the research staff visited participantsin their
homes for 2-3 additional in-person training sessions. These
sessions focused on guiding participants on how to use the
verbal surveys (Textbox 1) and digital devices effectively, as
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well as how to check their daily health status. These training
sessions were conducted during the second and third weeks of
the living lab. If a participant's data were missed for 3
consecutive days, study staff promptly contacted the participant
viaphone to emphasi ze the significance of responding to verbal
surveys or wearing the smartwatch. Additionally, they offered
assistance in resolving any technical issues hindering the older
adult’s participation. Furthermore, community caregiversplayed
avital rolein assisting older adultsin adapting to the platform’s

usage.

Textbox 1. The methods for assessing daily depressive symptoms via the mobile app chatbot.

The 9-1tem Patient Health Questionnaire on depressive symptoms
« Doyou feel down, depressed, or hopeless today?
« Doyoufed littleinterest or pleasure in doing things today?

. Haveyou had trouble falling or staying asleep, or sleeping too much today?

« Areyou feding tired or having little energy today?
. Haveyou experienced poor appetite or overeating today?

« Do you experience trouble concentrating on things today?

. Areyou fedling bad about yourself or that you are afailure or have let yourself or your family down?

«  Areyou moving or speaking so slowly that other people could have noticed?

5itemson daily greetings (recommended by community caregivers during the formative research)

« Didyou deep well last night?

. Haveyou eaten your mea?

« How areyou feeling? Are you feeling pain in any part of your body?
«  What are you planning to do today?

« Doyou need to go to the hospital today?

An example daily voice survey scenario combining 1 randomly selected greeting item and 2 randomly selected items from the 9-1tem Patient

Health Questionnaire

Good morning, Ma am!

[Greeting item] Did you sleep well last night? (Recording)

[PHQ-9 #1] Do you feel down, depressed, or hopeless today? (Recording)

[PHQ-9 #2] Are you moving or speaking so slowly that other people could have noticed? (Recording)

Thank you! Have a good day.

Ethics Approval

The study protocol received approval from the Institutional
Review Board of Korea University (approval number
KUIRB-2021-0324-02).

Recruitment

Adults older than 65 years, aong with their community
caregivers, were recruited from a community center in Seoul,
South Korea. A meeting was convened with the community
caregivers and managers at the community center to elucidate
the study’s objectives and procedures, solicit participation as
community caregivers, and seek assistance in recruiting older
adult participants. Based on the formative research findings,
community caregivers can be described as predominantly
middle-aged women (mean age 58.04, SD 3.17 years), with a

https://mhealth.jmir.org/2024/1/e55842

gender composition of women only. On average, they possessed
1-2 years of work experience. Each caregiver was responsible
for providing in-person caregiving services to multiple older
adults, with amaximum caseload of 16 individuals. Caregivers
who expressed interest in participating in the study with their
older adult service recipients explained the study protocol to
the older adult during their subsequent regular in-person visits.
If both the older adult and their community caregiver were
interested in participating, the study staff arranged ahome visit
to obtain informed consent from the older adult, accompanied
by their caregiver.

The inclusion criteria encompassed older adults receiving
in-person senior care services due to socioeconomic
vulnerability, particularly those living alone with low income.
Additionally, participants were required to use a Samsung
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Galaxy smartphone, as the mobile app was exclusively
developed for Android smartphones, which are widely utilized
by older adultsin South Korea. Exclusion criteriaencompassed
cognitive and functional impairments that could impede study
participation (such as hearing loss), as well as individuals
residing with othersin the same household. This exclusion was
due to technical challenges associated with motion-sensing
camera detection, which were pertinent to the broader study.
Community caregivers offering in-person public senior care
services at the community center were deemed eligible to
participatein the study. A managerial socia worker responsible
for overseeing the in-person senior care service at the
community center was al so recruited to eval uate the website of
the monitoring platform.

Of the 39 older adultsinitially recruited for the study, 8 declined
participation, primarily citing busyness and concerns about the
long-term use of the platform as reasons. Consequently, the
study proceeded with the consented participation of the
remaining 31 older adults.

Patient Health Questionnaire-9

The 9-item Patient Health Questionnaire-9 (PHQ-9) was used
to evaluate daily depressive symptoms through the smartphone
app chatbot, reflecting insights from the formative research of
the larger study. This decision was informed by older adult

Song et d

users challenges with touch screen usage and their preference
for verbal communication features over visua displays. The
PHQ-9 isawidely recognized tool utilized to identify mild and
clinical depressive symptomsin nonpsychiatric settings[25,26].
Oneitem from the PHQ-9 questionnaire, specifically concerning
suicidal thoughts (“Have you had thoughts that you would be
better off dead, or of hurting yourself?’), was omitted due to
the potential risk of eliciting negative thoughts, particularly
among individuals who may be at risk for depression.

In addition to the PHQ-9 items, we created a chatbot script for
daily greetings and safety checks, incorporating 5 commonly
used questions recommended by community caregivers. Older
adult participants were instructed to open the mobile app every
morning, triggering an automated conversation with the chatbot
(upon thefirst daily app launch). Voice recording was activated
for 30 seconds after each question, and the recorded file was
instantly uploaded to the website accessible to community
caregivers (Figure 2). These voice recording files were
monitored during the living lab and coded later to identify the
presence of daily depressive symptoms (1=depressive symptoms
indicated on at |east one PHQ-9 item, O=no reports of depressive
symptoms) by 2 research assistants (YBS and SYH)
independently. Any discrepancies were resolved through
discussions among the 2 coders and an experienced supervisor.

Figure 2. Mobile app function for collecting daily depressive symptoms; the chatbot voice asked 2 randomly selected PHQ-9 items and older adult
participants’ answers were automatically recorded. The blue bar and the blue microphone icon indicate that voice recording has been activated. PHQ-9:

9-item Patient Health Questionnaire.

-

Do you feel down,
depressed, or
hopeless today?

o Replay

Smartwatch-Derived M easures

Daily Sleep Quality

Sleep quality was evaluated using several metrics, including
total sleep time, sleep fragmentation index, and the number of
long fragmentation episodes. To validate our sleep calculation
algorithm, we examined baseline data on participants’ usual
sleep time and wake time using items from the Pittsburg Sleep
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Quality Index (PSQI). Our algorithm commenced at 6 PM and
concluded at noon the following day to encompass all sleep
periods. Additional adjustments were implemented for 1 older
adult whose day and night cycles had reversed, allowing for the
capture of daytime sleep periods (n=1). The Fitbit algorithm
categorized the activity level for each minute the older adult
wore the sensor as either asleep or awake. Furthermore, the
classification data were prescreened using the following 7
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criteria to improve the accuracy of actigraphy-assessed sleep
detection based on previous studies [27,28]: (1) if the previous
4 minutes were categorized as awake, the initial minute of the
deep period was adjusted to deep; (2) if the previous 10 minutes
were identified as awake, the subsequent 3 minutes were
adjusted to awake; if more than (3) 15 minutes before and (4)
after a sleep period lasting less than 6 minutes were classified
as awake, then the period of less than 6 minutes of sleep was
adjusted to awake; (5) if more than 20 minutes before and after
asleep period lasting less than 10 minutes were categorized as
awake, the period of lessthan 10 minutes of sleep was adjusted
to awake. The total time in bed was computed as the duration
between the initiation and cessation of the sleep cycle; (6) the
dleep onset time was determined asthefirst time block featuring
at least 10 minutes of uninterrupted sleep; and (7) the sleep
offset time was determined as the fina 10 minutes of
uninterrupted sleep before rising from bed. Thetotal sleeptime
was computed by aggregating the minutes spent asleep from
the deep onset to the sleep offseat. The sleep fragmentation index
was determined by dividing the number of times the participant
awakened for more than 1 minute by the total sleep time [27].
Sleep efficiency was calculated by dividing the total sleep time
by the duration of time spent in bed [27].

Heart Rate Variability

HRV was evaluated using both time and frequency domain
indicators. These indicators were computed every 5 minutes,
around the clock, using the Python-based (Python Foundation)
open-source program code Aura-heathcare [29]. The code
converted heart rate datato R-R intervals, which represent the
time elapsed between 2 successive R-waves in the QRS signal
on the electrocardiogram. These intervals are known to be
influenced by the activity of the sinus node and autonomic nerve
stimulation [30]. Next, the code was used to compute the time
domain indicators, which included the SD of the N-N intervals,
the normalized or filtered R-R intervas, and the root mean
square of successive differences. Additionaly, frequency
domain indicators were derived, such as the ratio of low
frequency (LF) to HF, and HF after applying fast Fourier
transformation. This transformation categorized the power of
heart rate into HF, LF, and very-low-frequency components.
The characteristics and reliability of HRV assessments using
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Fitbit have been documented in a previous study involving a
diverse population [31].

Physical Activity I ndices

PA levelswere evaluated using Fitbit'sindicatorsfor stepstaken
and minutes spent engaging in light, moderate, and intense
activity each day throughout the living lab participation. Fitbit
uses a 3-axis accel erometer to track steps and PA by analyzing
the frequency, duration, intensity, and patterns of movements.
Previous studies have confirmed the accuracy of Fithit activity
data [32-34].

Provision of Individualized Daily Health Status
Feedback Viathe Mobile App

The mobile app designed for older adults and their community
caregivers delivered personalized daily health status feedback
on stress, deep, steps, and activity. Thisfeedback was presented
using traffic signal colors and accompanied by detailed
information, as depicted in Figure 3A. Using the traffic signal
colors, agreen face within the health statusfor stress, steps, and
activity domain indicated a value higher than 1 SD of the user’s
average in that domain. A yellow face denoted a value within
+1 SD or -1 SD of the average of the health status domain score.
A red face indicated a value lower than 1 SD of the average
level. The ranges for the green and red faces were inverted for
sleep (as measured by sleep fragmentation) compared with the
other measurable categories, as a higher value indicates more
fragmented sleep. Clicking each face ontheinitial page (Figure
3A on the left side) advanced the user to the next page, where
details (Figure 3A on the right side) were provided regarding
the differences between today’s value in the domain compared
with the average during the first week. Additionally, a weekly
graph was included to illustrate the pattern of changes in the
weekly values.

The web application designed for the community caregiver and
the managerial social worker (Figure 3B) facilitated centralized
monitoring by community caregivers, allowing for swift
emergency responses to older adults during and after the
COVID-19 pandemic. Additionaly, it enabled the sharing of
daily health status updates. The emergency signal would be
triggered if an older adult remained inactive for over 8 hours
and/or if their heart rate fell below 30 bpm or rose above 140
bpm.
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Figure 3. Example of customized daily health status feedback on stress, sleep, steps, and activity using traffic signal colors and detailed information
viathe mobile app for (A) the older adult users and (B) the web application for the community caregivers and the manageria social worker.
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Pre- and Postsurvey Measures

Geriatric Depression Scale

The 15-item version of the Geriatric Depression Scale (GDS)
[35,36] was used to evaluate levels of depressive symptomsin
older adults during the pre- and postliving lab surveys. Scores
ranged from 0 to 15, with cutoff scores of =5 and =10 indicating
arisk for mild and severe depression, respectively.

https://mhealth.jmir.org/2024/1/e55842
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Pittsburgh Sleep Quality I ndex

Subjective deep quality was evaluated using the Pittsburgh
Sleep Quality Index (PSQI) in the pre- and postliving lab
surveys [37,38]. The PSQI comprises 19 items and assesses 7
components of sleep over the past month. The total PSQI score
was utilized to indicate the overall level of subjective sleep
quality, with a cutoff score of 5 or more indicating a risk for
deep disorders.
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System Usability Scale

The System Usability Scale (SUS) was used to gauge the older
adults’ experience levels and perceived difficulty in using the
digital monitoring platform during the pre- and postliving lab
surveys [39]. The scale includes questions regarding the
participant’s frequency of digital technology usage and their
perception of itsease of use, among others. Responses are rated
on a 5-point scale ranging from O=strongly disagree to
4=strongly agree.

Many older adult participants encountered challenges in
identifying digital technology to base their answers on for this
scaleduring the preliving lab survey. Thissurvey was conducted
on the day when the digital health monitoring platform was
installed. To assist participants in answering the survey,
examples of digital devices such as smartphones or kiosks at
hospitals were provided. Postliving lab assessments of the SUS
were conducted based on the participants’ experienceswith the
developed health monitoring platform.

In addition to the SUS, participants were queried about the
number of days per week they utilized the platform and the
number of functions they accessed on the platform during the
postliving lab survey. Furthermore, at the posttest, participants
were requested to offer qualitative feedback aimed at enhancing
the platform for future trials. This feedback was transcribed
verbatim by aresearch assistant.

Covariates

Covariates were selected a priori, drawing from existing
literature that outlines demographic and health risk factors
associated with daily depressive symptoms among older adults
[7,40]. Alongside baseline depression level s, demographic and
health factors known to be correlated with depression (eg, age,
sex, and chronic health conditions) were utilized as covariates.

Statistical Analysis

After analyzing missing data and assessing the distributions of
key variables, descriptive analyses were performed. Group
comparisons between depressed and nondepressed older adults
were conducted using t tests for continuous variables (eg, age,
BMI, PSQI total score, daily depressive symptoms, wearable
sensor assessments of HRV, dleep, and PA indicators),
chi-square tests for categorical variables (eg, sex, education,
income, chronic disease, deep disorder categories), and Fisher
exact tests for smoking status. Subsequently, bivariate

https://mhealth.jmir.org/2024/1/e55842
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correlations were explored between baseline depression and
person mean variables (daily depressive symptoms and wearable
sensor assessments) over 5 weeks, excluding the initial week
for adaptation.

To identify digital biomarkers for daily depressive symptoms
in older adults, we used multilevel modeling (MLM) analysis.
This method alowed us to scrutinize the daily shifts in
depressive symptoms, as well as the smartwatch-detected
metrics of sleep quality, HRV, and activity levels over time.
We utilized SAS PROC MIXED (SAS Institute) for this
analysis. Applying MLM analysis to daily depression and
smartwatch datafacilitates the identification of antecedentsand
correlates of daily depressive symptoms. It also allows for the
use of participants as their own controls [41]. In the multilevel
models, the level 1 equation investigated whether daily sleep,
HRV, and PA indices predicted the likelihood of reporting any
depressive symptoms on the same day and the following day.
To assess the primary impact of smartwatch indices on daily
depressive symptoms, the main effect models for each of the
sleep/HRV/activity model indices were utilized as level 1
predictors, with daily depressive symptoms on the same day or
the next day serving aslevel 1 outcome variables. Inal MLM
analyses, the level 2 equations incorporated personal
characteristics, including participants’ demographic and health
covariates. Daily measures were person mean centered, while
level 2 covariates were grand mean centered. This approach
allows for the interpretation of estimates as the probability of
daily depressive symptoms when there are deviations in the
predicting digital biomarker variable from the participant’sown
average acrossthe 5-week living lab period. The multilevel data
structure of this study isillustrated in Figure 4. A type | error
rate of 0.05 was established for statistical analyses, except for
theMLM analyses, where Bonferroni and Holm correctionsfor
multiple testing were applied, resulting in atype | error rate of
0.005.

The pre- and posttest results were assessed using a paired t test
for variables demonstrating normal distributions, such assystem
usability. However, because of their skewed distributions,
depressive symptoms and sleep quality were analyzed using the
Wilcoxon signed rank test. To delve deeper into the age
moderation effects on the pre- and posttest results for usability,
repeated-measure ANOVA was applied to examine potential
differences in system usability between the oldest group (>75
years old) and the rest (65-74 years old).
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Figure4. Multilevel data structure of this study with wearable sensor and daily depressive symptom chatbot survey dataaslevel 1 and pre- and posttest
survey dataaslevel 2. HF: high frequency; LF: low frequency; PA: physical activity; PHQ-9: 9-item Patient Health Questionnaire; RM SSD: root mean
square of successive differences; SDNN: standard deviation of N-N intervals; SES: socioeconomic status.
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Power Analysis

Power analysis for multilevel model design is recognized for
its complexity. Previous studies have revealed a compensatory
rel ationship between the number of participants and the number
of observations per participant [42,43]. We gathered 807 days
of observational datafrom 25 older adults, averaging 32.28 days
per participant (range 8-40 days). The variability in the number
of available days stemmed primarily from 2 reasons:
participants' nonadherence to data collection protocols (eg,
forgetting to wear the Fitbit) and the scheduling preferencesfor
installing and removing digital devices from their homes (eg,
1 participant needed to schedule device removal 1 week later
than others because of personal reasons). A recent simulation
study proposed that a sample size of 25 combined with
continuous data collection over 30 days yields acceptable
performance levelsin terms of parameter estimations [42].

Data Exclusion and Missing Data

Out of the initial 31 adults who participated, data from 6
participants were excluded from the study. They dropped out
after the installation of sensing devices due to experiencing
inconvenience and difficultiesin using mobile apps and digital
devices. Among theinitial group, 25 older adults provided their
responses to daily verba surveys and wearable sensor data.
These data were included in the multilevel analyses, focusing
on the primary outcome of daily depressive symptoms. Of 808
days of assessments (with amean of 32.32 days per participant),
there were 186 days (23% of total days) with missing daily
verbal survey data, primarily asaresult of participantsforgetting
to respond or no responses being recorded. Additionaly, there
were 269 days (33.3%) with missing HRV data, 440 days
(54.5%) with missing sleep measures, and 298 days (36.9%)
with missing steps data. These missing data were primarily
attributed to participants forgetting to wear a smartwatch during
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the day or night, or experiencing issueswith charging the device.
Previous studies on missing data analysis suggest that multilevel
analysesusing full information maximum likelihood estimation
methods are generally robust against estimation biases arising
from datawith partial missingness [44]. Regarding pre-post test
effects, 1 participant did not complete the posttest survey as a
result of long-term travel for family matters, resulting in data
from 24 older adults being included in the analyses.

Results

Descriptive Overview

The demographic and health characteristics of the older adult
living lab participants are detailed in Table 1. The participants
exhibited characteristics typical of older adults, with a mean
age of 76.40 (SD 4.23) years. Additionally, they displayed social
vulnerabilities concerning education and income levels. Among
the parti cipants, there were more women (n=19) than men (n=6).
On average, participants reported having 4 chronic disease
conditions, with 3 (12%) of the 25 participants reporting
depressive disordersand 10 (40%) reporting arthritisor diabetes.
The average level of sleep quality was poor, with 22 (88%)
participants at high risk for sleep disorders.

Compared with individuals with a low risk of depression at
baseline, those with ahigh risk were more likely to report daily
depressive symptoms via verbal surveys. Additionally, they
tended to sleep longer but with lower efficiency and were less
likely to engage in light, moderate, and intense PA (P values
ranged from <.001 t0.02).

Figure 5illustratesthe 24-hour profile of heart rate on both total
daysand dayswhen ol der adults reported depressive symptoms.
The patterns of heart rate on days with depressive symptoms
seemed to exhibit more variability throughout the day compared
with total days.
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Table 1. Characteristics of older adult living lab participants.

Song et a

Characteristics Total (n=25) Baseline depressive symptoms? P value
No (n=15) Yes (n=10)
Demographic characteristics
Age (years), mean (SD) 76.40 (4.23) 76.40 (4.42) 76.40 (4.17) >.99
Sex: women, n (%) 19 (76) 11(73) 8(80) .70
Education, n (%) 51
Elementary school or less 14 (56) 7 (47) 7 (70)
Middle school 2(8) 2(13) 0(0)
High school 5 (20) 3(20) 2(20)
College or more 4(16) 3(20) 1(10)
Monthly income (Korean Wonb), n (%) 95
Less than 500,000 4(16) 2(13) 2(20)
500,001-1,000,000 16 (64) 10 (67) 6 (60)
1,000,001-1,500,000 2(8) 1(7) 1(10)
1,500,001 or more 3(12) 2(13) 1(10)
Health characteristics
Smoking, n (%) .18
Current smoking 1(4) 0(0) 1(10)
Past smoking 6 (24) 6 (40) 0(0)
Never 18 (72) 9 (60) 9(90)
BMI (kg/m?), mean (SD) 24.56 (3.94) 24.65 (2.44) 24.43 (5.68) 89
Number of chronic diseases, mean (SD) 4.20 (1.71) 4.20 (1.37) 4.20 (2.20) >.99
Arthritis, n (%) 10 (40) 5(33) 5 (50) 49
Cardiovascular disease, n (%) 18 (72) 12 (80) 6 (60) .27
Diabetes, n (%) 10 (40) 7(47) 3(30) 40
Depression, n (%) 3(12) 2(13) 1(10) 80
Dementia, n (%) 1(4) 0(0) 1(10) 21
Baseline study variables
PSQI® global sleep quality (0-21 points®), median (IQR) 8.00 (6.00-10.00)  7.00 (6.00-9.00) 9.00(6.75-11.25) .22
Sleep disorders, n (%) of PSQI>5 22 (88) 12 (80) 10 (100) 13
Digital assessments, person mean (SD)
Daily PHQ symptoms, 0-1 0.37 (0.48) 0.31 (0.46) 0.48 (0.50) <.001
Heart rate variability, mean (SD)
Low frequency/high frequency 5.94 (1.33) 5.89 (1.30) 6.00 (1.36) .34
High frequency 26.02 (37.14) 23.75 (20.57) 28.71 (49.99) 14
SD of the N-N intervals 103.01 (41.89) 108.81 (44.73) 96.17 (37.22) <.001
Root mean square of successive differences 9.32(3.87) 9.13(3.58) 9.55 (4.19) 21
Sleep, mean (SD)
Total sleep time 319.63 (163.08) 297.98 (166.73) 345.12 (155.30) .004
Sleep fragmentation index 0.02 (0.02) 0.02 (0.02) 0.02 (0.02) 61
Sleep efficiency 65.98 (20.86) 68.31 (21.18) 63.24 (20.20) 02

Physical activity, mean (SD)
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Characteristics Total (n=25) Baseline depressive symptoms? P value
No (n=15) Yes (n=10)
Steps 3207.11(3901.80) 3512.54 (4024.61)  2839.53 (3724.16) .05
Light physical activity 130.46 (101.55) 148.81 (107.43) 104.19 (86.19) <.001
Moderate physical activity 14.05 (19.34) 15.75 (20.09) 11.62 (17.98) .02
Intense physical activity 21.89 (27.85) 24.40 (26.02) 18.30 (29.98) .02
#The presence or absence of depressive symptoms was determined based on a score of 5 or higher on the Geriatric Depression Scale.
bys $1=1344 Korean won.
°PSQI: Pittsburg Sleep Quality Index.
dHigher scores indicate worse sleep quality.
Figure5. The average 24-hour profiles of heart rate on (A) total days and (B) days with depressive symptoms.
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Figure 6 displays the results of bivariate correlation analysis
among baseline depression measures; the person mean score of
daily depressive symptoms; and the smartwatch measures of
HRV, sleep quality, and PA. Additionally, distributions of the
variablesare presented on the diagonals. As anticipated, basdline
depressive symptoms were significantly correlated with the
person mean variable of daily depressive symptoms (r=0.43,
P=.03). Interestingly, the person mean of daily depressive
symptoms exhibited a negative association with daily sleep
efficiency (r=-0.47, P=.02) and the amount of moderate PA
(r=—0.50, P=.02). Furthermore, HRV, sleep, and PA indicators

https://mhealth.jmir.org/2024/1/e55842

exhibited correlations with each other. Specifically, person mean
variables of daily HF and root mean sguare of successive
differences were associated with daily sleep efficiency (r=0.58,
P=.003 and r=-0.51, P=.009, respectively). Additionally, the
person mean levels of daily HRV indicators were associated
with the person mean levelsof daily PA. HF exhibited apositive
correlation with light PA (r=0.49, P=.03), whereas SD of the
N-N intervals was positively associated with light (r=0.45,
P=.05), moderate (r=0.54, P=.01), and intense PA (r=0.59,
P=.006).
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Figure6. Bidirectional correlations among baseline depression; person mean of daily depression; and digital markers of heart rate variability indicators,
sleep indicators, and physical activity measures (bold box indicates significance at P<.05; red dots represent women, blue dots represent men. HF: high
frequency; LF/HF: low frequency-to-high frequency power ratio; PA: physical activity; RMSSD: root mean square of successive differences; SDNN:
standard deviation of N-N intervals, SE: sleep efficiency; SFI: sleep fragmentation index; TST: total sleep time.
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Primary Outcomes

Asdepicted in Table 2, the MLM resultsindicated that both the
daily deep fragmentation index and s eep efficiency significantly
predicted the occurrence of daily depressive symptoms measured
on the subsequent day, even after adjusting for baseline
depression, age, sex, and chronic disease conditions (oddsratio
2.066, 95% ClI 1.252-3.411; P=.003 for daly sleep
fragmentation and oddsratio 0.972, 95% CI 0.955-0.989; P=.001
for daily sleep efficiency). In essence, on days following more
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fragmented sleep or lower dleep efficiency compared with their
own average, older adult participants were more inclined to
report depressive symptoms via the chatbot survey. Notably,
the effects of daily sleep fragmentation and efficiency on daily
depressive symptoms remained significant even after applying
Bonferroni-Holm corrections for multiple testing. However,
none of the daily assessments in HRV, sleep quality, or PA
predicted the occurrence of depressive symptomsthefollowing

day.
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Table 2. The concurrent and lagged effect models of daily digital indicators on daily depressive wmptomsab'c.
Digital predictors Same-day depressive symptoms Next-day depressive symptoms
Oddsratio (95% Cl) P value Oddsrratio (95% Cl) P value
Heart rate variability
High frequency/low frequency 0.975 (0.790-1.204) 82 0.929 (0.751-1.148) 49
High frequency 0.987 (0.617-1.579) 96 0.978 (0.632-1.513) 92
SD of the N-N intervals 0.998 (0.990-1.005) .57 1.001 (0.994-1.008) .84
Root mean square of successive differences 0.954 (0.866-1.051) .34 0.998 (0.924-1.078) .96
Sleep
Total sleep time 0.999 (0.996-1.001) 16 1.001 (0.999-1.003) 35
Sleep fragmentation index 2.066 (1.252-3.411) 003° 1.149 (0.750-1.759) 77
Sleep efficiency (%) 0.972 (0.955-0.989) 001¢ 0.999 (0.983-1.016) 93
Physical activity
Steps 1.000 (1.000-1.000) .28 1.000 (1.000-1.000) 21
Light physical activity 0.999(0.996-1.002) 48 1.002 (0.998-1.005) 33
Moderate physical activity 0.992 (0.971-1.014) 48 0.985 (0.964-1.006) 16
Intense physical activity 0.998 (0.985-1.011) 73 1.002 (0.989-1.015) 75

Al analyses were adjusted for age, sex, chronic disease conditions, and baseline depression.
bAll digital predictors were person mean centered so that daily values represent deviations from the individuals' own means across the participation

days.

“The Bonferroni-Holm correction suggests that P values indicating significance should be <.005, with 11 multiple tests for each of the 2 outcome

variables.

Pre- and Posttest Results

As presented in Table 3, the pre- and posttest results showed
significant decreases in depressive symptoms (pre-post
difference —1.000, 95% CI —2.000 to 0.000, W=143.500,
z=1.976, P=.048) and improvementsin sleep quality (pre-post
difference —1.500, 95% CI -3.000 to 0.000, W=165.000,
z=-2.252, P=.02) after the 6-week living lab than before.
However, there were no significant changes in the levels of
usability (pre-post difference—6.354, 95% Cl —15.969 to 3.261,
t,3=—1.376, P=.18). Age moderation was also not significant in
the pre- and posttest changesin usability (F, ,=437.682, P=.20).
At the posttest survey, participants reported using the monitoring
app amean of 6.68 (SD 1.44) days per week and utilizing 1.58

functions (SD 1.91) out of apossible 5. Thesefunctionsincluded
recording verbal surveys for daily depressive symptoms and
checking individualized health feedback for stress, steps,
physical functions, and sleep time.

In the posttest survey, older adults expressed satisfaction with
the chatbot survey, particularly appreciating its inquiries about
their daily lives and health conditions. They felt cared for and
safe, knowing that their voice message would be delivered to
their community caregiver daily. However, older adults also
voiced frustrations with smartwatch malfunctions. They
experienced technical issues during the living lab period as a
result of difficulties in regularly charging the smartwatch,
accidentally turning off the smartphone’s Bluetooth connection,
and overloading of the central server.

Table 3. Changesin depressive symptoms, sleep quality, and usability levels from pre- to posttests.

Variables Pretest Posttest P value
Depressive symptoms (Geriatric Depression Scale), median (IQR)? 3.000 (1.000-6.000) 1.500 (0.250-5.000) 048
Sleep quality (Pittsburg Sleep Quality Index), median (IQR)? 8.000 (6.000-10.000) 6.000 (4.000-7.750) .02
Usability (System Usability Scale), mean (SD)b 53.333 (24.524) 59.688 (19.620) .18

Ailcoxon signed rank test was used to analyze depressive symptoms and sleep quality due to their skewed distributions.
Ppaired t test was used to eval uate usability based on anormal distribution of the usability scores.
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Discussion

Principal Findings

This study explored the viability of digitally phenotyping
depressive symptoms and implementing continuous digital
mental health monitoring among a small cohort of socially
vulnerable older adults (n=25) in their everyday living settings.
By conducting daily verbal assessments of depressive symptoms
via a chatbot and monitoring daily fluctuations in digital
biomarkers using asmartwatch, thisstudy indicatesthat 2 digital
measures of daily sleep quality, namely, sleep fragmentation
and sleep efficiency, predicted the occurrence of daily depressive
symptoms on the subsequent day. These associations remained
significant even after adjusting for potential confounders such
as baseline depression, age, gender, and chronic disease
conditions. To the best of our knowledge, this study represents
thefirst attempt to explorethe digital phenotyping of depressive
symptoms in socially vulnerable older adults within their own
living environments over an extended duration. Furthermore,
the pre- and posttest findings revealed that while depressive
symptoms and sleep issues improved following the 6-week
platform utilization al ongside community caregiver support, no
significant enhancement was observed in system usability.
Although the current findings are preliminary and lack a
comparison group, they suggest the potential health advantages
of integrating a digital health monitoring platform for older
adults in conjunction with in-person community senior care
services.

Comparison With Prior Work

Through the devel opment of analytic algorithmsfor continuous
sensing of sleep time, fragmentation, and efficiency, this study
unveiled that daily alterations in sleep fragmentation and
efficiency during the night, relative to an individual’s average,
were predictive of daily depressive symptoms among older
adults on the subsequent day. These findings are consistent with
prior studies that have demonstrated a significant correlation
between actigraphy-assessed wake time after sleep onset, sleep
efficiency, and 1-time survey assessments of depressive
symptoms among adults with a history of clinical depression
[12,40,45]. A meta-analysis of 38 studies incorporating
actigraphy assessments similarly found significant disparities
in longer wake time after sleep onset between patients with
depression and healthy controls [46]. Our findings contribute
to the existing literature by investigating daily variations in
depressive symptoms among socially isolated older adults over
an extended period. Moreover, this study examines whether
within-person fluctuations in sleep quality forecast ongoing
changes in depressive symptoms across consecutive days.

The current findings revealed that neither actigraphy-assessed
HRV nor PA measures significantly predicted daily depressive
symptoms. Prior research has demonstrated varied associations
between HRV and depressive symptoms, depending on factors
such as the diagnosis or severity of depression and the
cardiovascular health of the population under study. Indeed, a
meta-analysis of 21 studies highlighted significant distinctions
between individual s with depression and healthy controls[47].
Additionally, a previous investigation involving patients with
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depression documented a negative correlation between HRV
(eg, root mean square of successive differences) and cognitive
symptoms of depression (eg, rumination) on the same day [48].
However, such relationships between HRV and depressive
symptoms were not observed in adults without clinical
depression or those with cardiovascular health issues. For
instance, depressive symptoms were not significantly correlated
with electrocardiogram-measured HRV in healthy adults [49]
or adults at risk of coronary artery disease [50]. The majority
of older adults (18/25, 72%) in this study had cardiovascular
disease conditions, aprevalence higher than the national average
in South Korea (40.36%) and the global prevalence
(31.0%-70%) for adults over 70 years [51-53]. Future research
with alarger sample of older adults is warranted to investigate
the associ ations between depressive symptoms and HRV among
older adults with diverse chronic disease conditions.

Regarding the association between depressive symptoms and
PA, in contrast to previous findings, daily fluctuations in PA
did not predict daily depressive symptomsin this study. Indeed,
a meta-analysis comprising 42 studies utilizing actigraphy or
pedometer assessments of PA demonstrated significant
associations between average PA levelsand depressive symptom
severity among adults, regardless of clinical depression status
[54]. Additionally, intervention programs aimed at increasing
PA were associated with lower levels of depressive symptoms
compared with control groups in adult populations without
clinical depression [55]. There could be several potential
explanations for the lack of association between daily PA and
daily depressive symptoms observed in our study. Itisplausible
that long-term patterns of PA, rather than day-to-day
fluctuations, may better explain changes in depressive
symptoms. Consistent with this hypothesis, the present findings
demonstrated a significant negative correlation between the
average levels of depressive symptoms and the average levels
of moderate PA acrossindividuals. Future research iswarranted
to explore potential factorsthat might elucidate the relationship
between daily depressive symptomsand PA. Thiscouldinclude
investigating cumulative patterns of PA, the impact of specific
types of PA (such as group exercise), or external circumstances
that may impede physical activities (such as the COVID-19
pandemic).

Finally, the pre- and posttest findingsindicated that older adults
exhibited enhancements in depressive symptoms and sleep
quality following their utilization of the platform alongside their
community caregivers. It is important to note that the
participating older adults had previously been receiving
in-person senior caregiving services, which entailed regular
phone calls and weekly in-person visits for safety checks, as
well as assistance with hospital visits if necessary. However,
the utilization of the present digital monitoring platform may
have empowered community caregivers to optimize the timing
of service provision based on when older adults were most in
need. For example, an older adult user received red lights on
sleep and physical activity viathe user app when they had poor
sleep and skipped exercise due to aflare-up of chronic disease
conditions. Their community caregiver received the same daily
feedback and voice recordings (from the respective user) about
health issues viathe caregiver app. Subsequently, the caregiver
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phoned or visited each participant to check on the negative
health changes for that day. The current findings align with
recent studies demonstrating the health-improving effects of
digital health care servicesfor older adults. These effects were
observed when mental health professionals provided in-person
services [56,57] or when community health workers with
intensive training [58,59] were connected to the digital service.
However, this study makes aunique contribution to theliterature
by presenting preliminary findings suggesting that community
caregivers without a health care specialty or intensive training
in mental health care can potentially enhance the mental health
of socially vulnerable older adults through the utilization of a
digital health monitoring platform.

Contrary to expectations, the results of the usability test in this
study suggest that older adults experienced difficultiesin using
the mental health monitoring system, and these challenges did
not improve over time. These findings underscore the
importance of offering adequate in-person assi stance, including
group lessons, in-person training sessions, and troubleshooting
visits for older adults when introducing a new digital health
care service.

Limitations

Our findings should be interpreted with caution due to several
limitations. First, the sample sizewaslimited to 25 ol der adults,
which may not have provided sufficient power to detect small
effect sizes of associations between daily depressive symptoms
and sensor-based daily indicators, aswell as changesin outcome
measures pre- to posttest. The current results may not be
generalizableto other older adult populations or other countries
due to our deliberate selection of older adults with socia
vulnerabilities, including those living alone with low income.
These individuals may experience greater challenges in
accessing digital technologies compared with the overall older
adult population [60]. We used MLM to investigate the
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concurrent digital biomarkers of daily depressive symptoms.
However, future studies may benefit from exploring alternative
analytic approaches such as machine learning to classify older
adults into high- and low-risk groups for depression.
Additionally, it is important to acknowledge that the strict
implementation of COVID-19-related social restriction policies
in 2022 may have influenced the findings of this study.

Conclusions

This study investigated the feasibility of mental and physical
health monitoring platformsfor socially vulnerable older adults
and their community caregivers in their everyday living
environments. Additionaly, it explored whether passively
sensed measurements of HRV, deep, and PA predicted daily
fluctuations of depressive symptoms in older adults. The
findings indicate that older adults successfully utilized the
monitoring platform throughout the 6-week study to monitor
their daily health status. Thisinformation was also shared with
community caregivers to enhance the existing senior care
service. Additionally, the MLM results revealed same-day
associations between daily sleep quality indicators (sleep
fragmentation index and sleep efficiency from the previous
night) and daily depressive symptoms. The pre- and posttest
results indicate that older adults exhibited enhancements in
depressive symptoms and sleep quality following the utilization
of the monitoring platform, which was integrated with their
existing community care services. These findings offer
preliminary support for the digital phenotyping of geriatric
depressive symptoms using sleep measures obtained from a
wearable sensor. We also propose a potential service delivery
model for developing ahybrid senior care servicethat integrates
online and offline components. This model leverages existing
community-based senior care services to facilitate the early
detection and prevention of mental health declines in socialy
vulnerable older adults.
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