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Abstract—The COVID-19 pandemic has amplified social iso-
lation and loneliness among the elderly, necessitating robust
monitoring solutions. However, the effective management of a
multitude of sensors, each with potentially different protocols
and unreliable connections, poses a substantial challenge. Ad-
ditionally, the administration of regular paper-based surveys
to elderly individuals can prove problematic due to potential
forgetfulness. To address these challenges, we have developed
iCareLoop, a comprehensive data collection and management
system equipped with an intuitive user interface (UI) specifically
designed for the elderly. iCareLoop includes a user-friendly
survey application, delivers visualizations of sensor and survey
statuses, and features alert mechanisms for missing data, thereby
streamlining data management for researchers. The current
iteration of iCareLoop integrates initial stakeholder feedback and
evaluates user satisfaction. Furthermore, preliminary analysis
of the survey and sensor data provides an illustration of the
potential uses and data quality of our system. We believe that the
insights gleaned from this study can significantly inform future
research on mobile elderly care in the post-COVID-19 era.

Index Terms—Mobile Data Management, Mobile User Inter-
face, Mobile User Experience

I. INTRODUCTION

The COVID-19 pandemic has brought about many chal-
lenges for society, particularly affecting vulnerable populations
such as the elderly [1], [2]. One of the most significant impacts
of the pandemic on older adults has been increased social
isolation and loneliness, leading to negative health outcomes
such as depression, anxiety, and cognitive decline [3]-[7]. As
a result, there is an urgent need for effective monitoring solu-
tions to ensure the well-being of the elderly during this time
[8]. Existing technologies and methodologies face limitations
in terms of efficiency, reliability, and usability [9]. Therefore,
there is a critical need for innovative approaches that address
these shortcomings while catering to the unique needs of the
elderly population.

One such approach is the development of comprehensive
monitoring systems, incorporating both sensors [10], [11] and
surveys to collect relevant data on the physical and mental

states of the elderly. However, implementing and managing
such systems presents several challenges, including dealing
with numerous sensors having varying communication proto-
cols and intermittent connectivity, as well as ensuring timely
completion of daily or weekly paper-based surveys by the
elderly participants. These difficulties make it difficult to
maintain high-quality data, which is essential for meaningful
research findings [12].

To overcome these obstacles, we propose iCarelLoop, a
data collection and management system designed to sim-
plify data acquisition, processing, and analysis for community
stakeholders. iCareLoop features an easy-to-use Ul tailored
for the elderly, enabling them to participate actively without
facing undue burden. Furthermore, iCareLoop streamlines the
process of managing substantial volumes of data generated
by numerous sensors and surveys, thereby enabling efficient
decision-making within the elderly community. For instance,
caregivers such as family members and nurses can utilize
iCareLoop to gain timely insights into the mental condition
of the elderly and make informed decisions regarding the
provision of necessary care. Finally, the system’s built-in alert
function notifies community stakeholders if a sensor stops
sending data or participants fail to answer questionnaires,
making it easier to ensure continuous data collection. The
overview of iCareLoop is shown in Figure 1.

Our development of iCareLoop builds on prior research
in elderly care technology, underscoring the significance of
creating user-centered solutions that accommodate the unique
traits of the target population. To verify iCareLoop’s efficacy,
we carried out initial tests in actual elderly communities
and collected feedback from a range of stakeholders, in-
cluding volunteers, regular elderly individuals, and geriatric
experts such as geriatric psychiatrists. Overall, based on the
17 survey responses gathered, iCareLoop received favorable
feedback from both the elderly and researchers. By incor-
porating this invaluable feedback, we enhanced the system’s
functionality, rendering it more adaptable for diverse com-



Fig. 1: A high-level overview of the iCareLoop system,
designed for the elder community, includes feedback incorpo-
ration and interaction with the Caregiver Headquarters (HQ),
offering various central platform services.
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munity applications. Additionally, we assessed the potential
usage of iCareLoop through preliminary data analysis and
activity pattern recognition spanning over two-month period.
The empirical results corroborated our hypothesis regarding
the correlation between emotions and loneliness, indicating
the high quality of data gathered.
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II. LITERATURE REVIEW
A. Digital Technologies in Elderly Healthcare

Digital technologies hold substantial potential for enhancing
health monitoring and the overall social well-being of the
elderly. However, several considerations need to be made when
introducing these technologies. Developers should prioritize
simplicity and intuitive functionality in these systems, as
the elderly may be hesitant to adopt such tools long-term,
despite their usability [13]. The deployment process should
be centered on enhancing the quality of life for the elderly,
rather than solely focusing on performing predefined tasks
[14]. In addition, it is essential to provide effective digital
literacy training to the elderly, as this demographic often
faces challenges with the digital divide [15]. With these
considerations in mind, digital technologies can significantly
reduce social isolation among older adults and improve their
social well-being [16].

B. Existing Dashboards and Platforms

Numerous dashboards and platforms for monitoring sensor
data exist in the current landscape. For instance, [17] intro-
duces a personal health dashboard designed and evaluated
based on user studies, aimed at supporting reflective behavior
change. VitalCore [18], on the other hand, is a platform specif-
ically created for the scalable monitoring of medical sensors.
However, these platforms do not accommodate data collection
from questionnaires. Filling this void, RADAR-Base [19] pro-
vides an Active aRMT Questionnaire app, thereby establishing
a platform for continuous mobile health (mHealth) streaming
data collection from multiple sources. Nonetheless, it is not
specifically designed for elderly users. The LAMP platform
[20], a smartphone platform for mental health monitoring,
caters to patient demands for trust, control, and community
and clinician requirements for transparency in design. Yet, it
lacks a sensor monitoring component. Overall, the technology
readiness level for smart homes and home health monitoring

Fig. 2: Survey Application User Interfaces: When a survey is
completed, the survey tab turns green.
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technologies tailored for the elderly remains low [21]. In our
approach, the combination of sensors and surveys is designed
to create a synergistic effect, with surveys providing the initial
ground truth for building future predictive models based on
sensor data.

III. ICARELOOP SYSTEM
A. Survey Application

In the iCareLoop system, we use a user-friendly survey
application for efficient data collection, as shown in Figure
2. Participants are provided with tablets pre-installed with
the application. Remote access capabilities using TeamViewer
are integrated to ensure smooth operation and prompt issue
resolution. All survey responses are automatically stored on a
local server, serving as the central database for collected data.

a) MMSE: Before participants join the study, certi-
fied clinicians administer the Mini-Mental State Examination
(MMSE) [22] to screen for cognitive impairment. The MMSE
is composed of 11 questions designed to assess various cog-
nitive domains such as attention, memory, orientation, and
language skills. The results of this test help us to determine
the suitability of participants for our study.

b) Baseline Surveys: After passing the MMSE, partic-
ipants complete a comprehensive, one-time survey covering
sociodemographic information, psychological factors, medi-
cal history, loneliness, and social isolation. UCLA [23] and
Lubben scales [24] measure social isolation and loneliness.
This allows us to gather a broad spectrum of basic information
about the participants, ranging from their personality traits to
their physical and mental health statuses.

c) Daily and Weekly Surveys: Following the system’s
initial installation, we request participants to respond to daily
and weekly surveys. The daily surveys consist of four ques-
tions about participants’ daily emotions and state of loneli-
ness. The weekly surveys repeat the questionnaires from the
UCLA Loneliness Scale, capturing their levels of loneliness
for the respective week. To help participants in remembering
to complete the surveys, we’ve designed the user interface of
the daily and weekly survey buttons to turn from green to red
upon completion of the surveys. Besides, we also implement
a push notification function to remind the elderly users.



Fig. 3: iCareLoop management dashboard
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B. Management Dashboard

Our management dashboard comprises three key compo-
nents: participant management, survey response visualization,
and sensor data display, as shown in Figure 3.

a) Participant management: Within the
Participants tab, we display all enrolled participants
as shown in Figure 4. For each user, the number of sensors
installed at their residence is shown, along with the total
count of surveys they have completed to date. If a user clicks
on the SURVEYS icon, a calendar view of daily and weekly
survey responses appears, highlighting any missing responses.
Clicking on the DEVICES icon leads to a page that displays
the current connection status of the sensors. This succinct
display provides immediate access to a user’s status, allowing
researchers to quickly obtain an overview of the users and
contact a specific user if sensor data or survey responses
reveal any anomalies.

b) Sensor data display: The Devices tab displays all
sensors currently in use for the project. Users can search by
user ID to retrieve all relevant records for a specific participant,
depicted in Figure 5. Additionally, we have implemented
filter tabs for different sensor brands, such as Withings, and
sensor management statuses, including assigned and retired.
This page is convenient for verifying the most recent data
received from the sensors, thereby facilitating troubleshooting
during sensor installation. The Sensor Data tab provides a
detailed view of the data collected by each sensor.

c) Survey data display: The Survey answers tab dis-
plays all baseline, weekly, and daily questionnaire responses
from participants, shown in Figure 6. Researchers can filter by

Fig. 5: iCareLoop sensor management
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Fig. 6: iCareLoop survey management
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participant ID to view all surveys a participant has answered
to date. Moreover, filters by survey type are also available.
Detailed responses can be viewed by clicking on the dropdown
button.

C. Alert Function

Given the numerous sensors and surveys that researchers
must monitor, keeping track of everything can be challenging.
Issues such as device online status and whether participants
have missed any surveys need constant monitoring. To address
this, iCareLoop includes an alert function that sends out alerts
if a device has not sent data within a pre-specified deadline.
Additionally, a daily survey completion report is delivered
to help monitor questionnaire responses. Table I presents an
example of the deadlines for our current system.

TABLE I: Monitoring rules for sensors

Device Deadline  Device Deadline
Motion Sensor 1 day BLE Tag Sensor 1 day
Contact Sensor 1 day Smart Scale 1 week
Smart Plug 1 day Sleep Mat 3 days
Bathroom Meter 1 day Fitness Tracker 3 days

D. Backend platform

On the backend side, we employ a data management plat-
form that can securely collect sensor data from participants.
This platform consists of a mini PC (located in the elderly
home) that collects data from the sensors deployed in the
home, and it allows us to share data collected from two com-
pletely separate sensor deployments (one in the USA and one



in Japan) in an automated way. The mini PC encrypts the data
it collects and uploads it to a cloud server. The cloud server
only acts as a broker to distribute the data to our local servers,
which decrypt the data and store it for analysis purposes.
Additionally, the platform supports obtaining data from a third-
party cloud (Withings public cloud) via OAuth authentication.
The dashboard then interacts with both the cloud server and
local server to obtain the necessary information to display.

E. Customization for Elderly

iCareLoop is conceptualized around a low-maintenance,
low-burden design, meant to function unobtrusively in the
background until it detects an issue to report. The objective
is to let elderly users live their daily lives undisturbed by the
sensing system with minimal user interaction. This is achieved
by choosing long-life battery sensors that unintrusively collect
data. For instance, BLE tags attached to keychains help track
outdoor activities by recording time spent away from home,
potentially indicating social interactions or physical exercise.
Similarly, strategically positioned motion sensors and door
contact sensors within the home can capture movement and
daily activities, thereby detecting potential signs of social
isolation and loneliness.

We discovered that elderly individuals may unintentionally
disrupt the sensors or the mini PC, underscoring the need
for extra safeguards. In-person technical troubleshooting was
challenging due to COVID-related visitor restrictions and a
desire to minimize disturbances for the elderly. Additionally,
assisting the elderly with technical issues proved complex.
Therefore, we enhanced user-friendliness and convenience
by introducing a plug-and-play feature. We set up remote
access to the mini PC and tablet using TeamViewer, allowing
administrators to perform remote troubleshooting. In case of
accidental disconnections, the user merely needs to reconnect
the mini PC to power and the system will automatically recon-
nect to the network and accept remote debugging connections,
bypassing the need for intricate manual start-ups and technical
knowledge.

F. Real-world Deployment

a) Community Engagement: Our community outreach
involves collaborations with elderly communities in both the
USA and Japan. In the USA, we partnered with senior
apartments in the greater Philadelphia area, encouraging older
adult participation from diverse socioeconomic backgrounds,
with a focus on combating social isolation. In Japan, our
partner is the larger-scale Shikanodai community in Nara
prefecture, home to approximately 7,000 residents, 40% of
whom are older adults. Unlike typical retirement communi-
ties, Shikanodai primarily consists of single-family, detached
homes, and emphasizes keeping older adults engaged with the
wider community.

b) Sensor Installation: Before visiting a participant’s
home, we ensure that all their dedicated sensors function
properly by testing the tablet and mini PC in our lab. To
streamline our 12-sensor deployments, we’ve developed a

comprehensive preparation checklist, which has reduced the
sensor mis-installation rate by 10%. Our deployment team
comprises two developers and a clinician, each with specific
roles. The clinician conducts the MMSE and surveys with
the participant, while one developer connects the mini PC
to local WiFi and launches the sensor data collection pro-
gram. The other developer installs sensors around the house,
verifying their connections with the tablet. This concurrent
task execution minimizes deployment time to under an hour,
greatly enhancing our efficiency. For future deployments,
we’ve compiled a detailed manual outlining each step.

c) Lessons learned: In implementing and testing
iCareLoop, we learned several lessons for future iterations. In
the US, participants found the survey burdensome, indicating
the need for a more user-friendly approach. The instability
of contact sensors suggests a potential switch to motion
sensors, which might capture daily activity more effectively.
For example, toilet use and refrigerator usage can be measured
accurately with motion sensors, even when doors are left open,
an issue that challenges contact sensors. In Japan, participants
had no concerns about the measurement process. However,
we observed intermittent data from door sensors, likely due
to weak transmission and potential packet loss. In addition,
sensors may detach within a day if the adhesive surface
and tape strength are inadequate. These findings underscore
areas for improvement to ensure consistent, dependable data
collection.

In the event of missing or incomplete sensor data, we
could use statistical techniques or machine learning to analyze
existing data patterns and fill in gaps. Time series analysis
tools can smooth out short-term fluctuations, emphasizing
long-term trends. Despite occasional data gaps, this approach
allows us to gain insights into shifts in social isolation and
loneliness, informing community support initiatives. To reduce
the amount of missing survey responses, we also implement
a push notification function to remind the elderly to fill out
surveys daily.

IV. EVALUATION
A. User Satisfaction

We conducted two separate user satisfaction surveys: one
focused on the elderly individuals who utilized the survey
application to answer questionnaires, and the other concerning
the management dashboard used by researchers. We collected
6 survey responses from elderly users and another 11 re-
sponses related to the dashboard and alerts from researchers
in relevant fields. Table II presents the average scores for each
question across the two surveys.

1) Survey application: As per Table II, participants 50% of
participants gave the highest score to the user interface design
and the length of the questionnaires. Satisfaction levels regard-
ing font size varied according to each participant’s eyesight,
but 83% of them reported no issues with font sizes during the
surveys. Interestingly, all participants, including the elderly
who may not have regular exposure to technology, preferred
using tablets over paper for survey completion. However, the



TABLE II: Average points of user satisfactions

Survey application points (0 - 5)

Ease of using user interface 4.5
Length of daily and weekly surveys 4.5
Font size of the app 4.5
Preference for using a tablet over paper 4.6
Remembering to complete the surveys 2.8

Dashboard and alerts points (0 - 5)

Sensor status and sensor data display 43
Survey response display 44
Participant status display 4.6
Alert function 39
Recommend to future users 45

Fig. 7: Participants’ responses to daily surveys
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greatest challenge faced by all participants was remembering
to complete the surveys each day. Notably, 33% of participants
rated this task a three, indicating a constant need for reminders
to fulfill it

2) Dashboard and alerts: The results of the survey indicate
that the features of the iCareLoop dashboard were generally
well-received by the participants, with an average rating of
4.4 out of 5. Displaying the participant status, which received
81.8% of five-score rating from all participants, and the survey
answers, which 54.5% of participants scored as five, were
found to be especially helpful. Another feature, the sensor
display, also received positive feedback. About 45.5% of the
participants rated it with a score of five, which suggests a good
level of satisfaction with this feature. On the other hand, the
alert function had a mixed reception, with 9.1% of researchers
ranking a score of two, 27.3% assigning it a mid-level score of
three, 27.3% for the score of four, and 36.4% for the score of
five. Given these findings, we plan to refine the alert frequency
to better align with the users’ needs and to prevent them from
being overwhelmed by too many alerts, a condition known
as alarm fatigue. Overall, a majority of researchers, about
63.6%, expressed their intent to use the dashboard in their
future projects. They also indicated they would recommend it
to their colleagues in the research community.

B. Analysis of the Survey Answer

By utilizing the iCareLoop survey app on tablets instead
of paper surveys, we were able to effortlessly gather daily
and weekly responses from participants. This efficient method
facilitated the collection of 116 responses from 8 participants
over a span of approximately two months, enabling us to
conduct data analysis. Each day, participants were requested
to answer four questions specifically designed to assess their
levels of loneliness. The questions were as follows:

o To what extent did you experience positive emotions

today? (Scale: 1-100)
o To what extent did you experience negative emotions
today? (Scale: 1-100)

« Did you feel lonely at any point today? (Yes/No)

e When did you feel lonely? (Morning/Evening/Night)

From the survey responses, we obtained continuous data
reflecting participants’ levels of positive and negative emotions
(ranging from 0 to 100). We also collected categorical data
on loneliness (yes/no). Figure 7 illustrates that participants
reported feeling lonely 24 times and not lonely 92 times.
To quantify the impact of emotions on loneliness, we used
logistic regression analysis, considering the inverse correlation
between positive and negative emotions.

We employed three binomial logistic regression models
using positive emotions, negative emotions, and the differ-
ence between positive and negative emotions (calculated by
subtracting the positive from the negative) as predictors. The
response variable was the loneliness label. The p-values for all
models were less than 0.05, indicating significant associations.
The difference between positive and negative emotions showed
the strongest significance (p-value = 0.0017), followed by neg-
ative emotions (p-value = 0.0019), and then positive emotions
(p-value = 0.0027).

C. Activity Recognition with Sensor Data

In this section, we perform a qualitative evaluation of the
sensor data quality collected by iCareLoop by comparing it
to known activities, as described in [25]. An example of
the collected sensor data for monitoring a bathing event is
presented in Figure 8. The humidity and temperature data are
visualized as standard line plots, while the motion sensor data
is represented as binary values (0 for no motion and 1 for
motion detection). Notably, in the middle of the time axis,
there is a sudden spike observed in the humidity graph. We
argue that this occurrence indicates bathing behavior due to
the release of humidity during bathing. Supporting evidence
is found in the motion sensor’s reaction during the same
time frame. While there is a temperature spike at the same
time, the signal is weaker, suggesting that humidity is a more
reliable indicator. To further investigate meaningful patterns
for detecting loneliness, we are currently accumulating data
from multiple sensors in our database for future studies.

V. DISCUSSION

In future work, we will employ sensor fusion methods
to extract meaningful features for social isolation detection.



Fig. 8: Bathing area (temperature, humidity, motion)
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Integrating these features with survey responses, we aim to
uncover correlations between an elder’s isolation and their
reported loneliness. Our goal is to develop predictive models
for effective detection and potential prevention of loneliness
through targeted interventions for the elderly population.

VI. CONCLUSION

This paper introduces iCareLoop, an innovative platform
addressing COVID-19 challenges in elderly loneliness and
social isolation. With a user-friendly interface, data visual-
ization, and alert mechanisms, it improves data management
in elderly communities. User evaluations favor our digital
survey tool over paper surveys, and researchers are satisfied
with its user management. Initial data analysis identified areas
for future refinement. iCareLoop offers a blueprint for post-
pandemic elderly care and community resilience research and
interventions.

VII. ACKNOWLEDGMENT

This work was supported in part by NSF-2125561 ”SCC-
IRG JST: Active sensing and personalized interventions for
pandemic-induced social isolation.”

REFERENCES

[1] S. Pant and M. Subedi, “Impact of covid-19 on the elderly,” Journal of
Patan Academy of Health Sciences, vol. 7, no. 2, pp. 32-38, 2020.

[2] N. J. Donovan and D. Blazer, “Social isolation and loneliness in older
adults: review and commentary of a national academies report,” The
American Journal of Geriatric Psychiatry, vol. 28, no. 12, pp. 1233—
1244, 2020.

[3] B. Wu, “Social isolation and loneliness among older adults in the context
of covid-19: a global challenge,” Global health research and policy,
vol. 5, no. 1, p. 27, 2020.

[4] T.-J. Hwang, K. Rabheru, C. Peisah, W. Reichman, and M. Ikeda, “Lone-
liness and social isolation during the covid-19 pandemic,” International
psychogeriatrics, vol. 32, no. 10, pp. 1217-1220, 2020.

[5] B. Plagg, A. Engl, G. Piccoliori, and K. Eisendle, “Prolonged social
isolation of the elderly during covid-19: Between benefit and damage,”
Archives of gerontology and geriatrics, vol. 89, p. 104086, 2020.

[6] M. Berg-Weger and J. E. Morley, “Loneliness and social isolation in
older adults during the covid-19 pandemic: Implications for gerontolog-
ical social work,” 2020.

[7] K. S. Kasar and E. Karaman, “Life in lockdown: Social isolation, lone-
liness and quality of life in the elderly during the covid-19 pandemic:
A scoping review,” Geriatric Nursing, vol. 42, no. 5, pp. 1222-1229,
2021.

[8] W. Sepilveda-Loyola, I. Rodriguez-Sanchez, P. Pérez-Rodriguez,
F. Ganz, R. Torralba, D. Oliveira, and L. Rodriguez-Maifias, “Impact
of social isolation due to covid-19 on health in older people: mental
and physical effects and recommendations,” The journal of nutrition,
health & aging, vol. 24, pp. 938-947, 2020.

[9]

[10]

(1]

(12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

F. Meiland, A. Innes, G. Mountain, L. Robinson, H. van der Roest, J. A.
Garcia-Casal, D. Gove, J. R. Thyrian, S. Evans, R.-M. Droes, et al.,
“Technologies to support community-dwelling persons with dementia: a
position paper on issues regarding development, usability, effectiveness
and cost-effectiveness, deployment, and ethics,” JMIR rehabilitation and
assistive technologies, vol. 4, no. 1, p. €6376, 2017.

G. Jia, J. Zhou, P. Yang, C. Lin, X. Cao, H. Hu, and G. Ning, “Integration
of user centered design in the development of health monitoring system
for elderly,” in 2013 35th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC), pp. 1748-1751,
IEEE, 2013.

S. Deepika and K. Vijayakumar, “Iot based elderly monitoring system,”
in 2022 6th International Conference on Trends in Electronics and
Informatics (ICOEI), pp. 573-579, 1IEEE, 2022.

S. Narasimha, K. C. Madathil, S. Agnisarman, H. Rogers, B. Welch,
A. Ashok, A. Nair, and J. McElligott, “Designing telemedicine systems
for geriatric patients: a review of the usability studies,” Telemedicine
and e-Health, vol. 23, no. 6, pp. 459-472, 2017.

M. Gaiduk, R. Seepold, N. Martinez Madrid, and J. A. Ortega, “Digital
health and care study on elderly monitoring,” Sustainability, vol. 13,
no. 23, p. 13376, 2021.

S. Nikou, W. Agahari, W. Keijzer-Broers, and M. de Reuver, “Digital
healthcare technology adoption by elderly people: A capability approach
model,” Telematics and Informatics, vol. 53, p. 101315, 2020.

B. J. Blazi¢ and A. J. Blazi¢, “Overcoming the digital divide with
a modern approach to learning digital skills for the elderly adults,”
Education and Information Technologies, vol. 25, pp. 259-279, 2020.
K. Sen, G. Prybutok, and V. Prybutok, “The use of digital technology for
social wellbeing reduces social isolation in older adults: A systematic
review,” SSM-population health, vol. 17, p. 101020, 2022.

A. Colley, K. Halttu, M. Harjumaa, and H. Oinas-Kukkonen, “Insights
from the design and evaluation of a personal health dashboard,” in 2016
49th Hawaii International Conference on System Sciences (HICSS),
pp. 3483-3492, IEEE, 2016.

H. Choi, A. Lor, M. Megonegal, X. Ji, A. Watson, J. Weimer, and
I. Lee, “Vitalcore: Analytics and support dashboard for medical device
integration,” in 2021 IEEE/ACM Conference on Connected Health:
Applications, Systems and Engineering Technologies (CHASE), pp. 82—
86, IEEE, 2021.

Y. Ranjan, Z. Rashid, C. Stewart, P. Conde, M. Begale, D. Verbeeck,
S. Boettcher, R. Dobson, A. Folarin, R.-C. Consortium, et al., “Radar-
base: open source mobile health platform for collecting, monitoring,
and analyzing data using sensors, wearables, and mobile devices,” JMIR
mHealth and uHealth, vol. 7, no. 8, p. e11734, 2019.

J. Torous, H. Wisniewski, B. Bird, E. Carpenter, G. David, E. Elejalde,
D. Fulford, S. Guimond, R. Hays, P. Henson, et al, “Creating a
digital health smartphone app and digital phenotyping platform for
mental health and diverse healthcare needs: an interdisciplinary and
collaborative approach,” Journal of Technology in Behavioral Science,
vol. 4, pp. 73-85, 2019.

L. Liu, E. Stroulia, I. Nikolaidis, A. Miguel-Cruz, and A. R. Rincon,
“Smart homes and home health monitoring technologies for older adults:
A systematic review,” International journal of medical informatics,
vol. 91, pp. 44-59, 2016.

S. T. Creavin, S. Wisniewski, A. H. Noel-Storr, C. M. Trevelyan,
T. Hampton, D. Rayment, V. M. Thom, K. J. Nash, H. Elhamoui,
R. Milligan, et al., “Mini-mental state examination (mmse) for the
detection of dementia in clinically unevaluated people aged 65 and over
in community and primary care populations,” Cochrane Database of
Systematic Reviews, no. 1, 2016.

D. W. Russell, “Ucla loneliness scale (version 3): Reliability, validity,
and factor structure,” Journal of personality assessment, vol. 66, no. 1,
pp. 2040, 1996.

J. Lubben, E. Blozik, G. Gillmann, S. Iliffe, W. von Renteln Kruse, J. C.
Beck, and A. E. Stuck, “Performance of an abbreviated version of the
lubben social network scale among three european community-dwelling
older adult populations,” The Gerontologist, vol. 46, no. 4, pp. 503-513,
2006.

X. Ji, X. Li, A. Yuh, A. Watson, C. Kendell, J. Weimer, H. Nagahara,
T. Higashino, T. Mizumoto, V. Erdélyi, G. Demiris, O. Sokolsky, and
I. Lee, “Short: Integrated sensing platform for detecting social isolation
and loneliness in the elderly community,” in 2023 IEEE/ACM Con-

ference on Connected Health: Applications, Systems and Engineering

Technologies (CHASE), 2023.



