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Abstract

Background: Telehealth isan effective meansto assist existing health care systems, particularly for the current aging society.
However, most extant telehealth systems employ individual data sources by offline data processing, which may not recognize
health deterioration in atimely way.

Objective:  Our study objective was two-fold: to design and implement an integrated, personalized telehealth system on a
community-based level; and to evaluate the system from the perspective of user acceptance.

Methods: The system wasdesigned to capture and record older adults’ health-related information (eg, daily activities, continuous
vital signs, and gait behaviors) through multiple measuring tools. State-of-the-art data mining techniques can be integrated to
detect statistically significant changesin daily records, based on which a decision support system could emit warnings to older
adults, their family members, and their caregivers for appropriate interventions to prevent further health deterioration. A total of
45 older adults recruited from 3 elderly care centersin Hong Kong were instructed to use the system for 3 months. Exploratory
data analysis was conducted to summarize the collected datasets. For system evaluation, we used a customized acceptance
guestionnaire to examine users' attitudes, self-efficacy, perceived usefulness, perceived ease of use, and behavioral intention on
the system.

Results: A total of 179 follow-up sessions were conducted in the 3 elderly care centers. The results of exploratory data analysis
showed some significant differences in the participants’ daily records and vital signs (eg, steps, body temperature, and systolic
blood pressure) among the 3 centers. The participants perceived that using the system isagood idea (ie, attitude: mean 5.67, SD
1.06), comfortable (ie, self-efficacy: mean 4.92, SD 1.11), useful to improve their health (ie, perceived usefulness: mean 4.99,
SD 0.91), and easy to use (ie, perceived ease of use: mean 4.99, SD 1.00). In general, the participants showed a positive intention
to use the first version of our personalized telehealth system in their future health management (ie, behavioral intention: mean
4.45, SD 1.78).

Conclusions: The proposed health monitoring system provides an example design for monitoring older adults' health status
based on multiple data sources, which can help develop reliable and accurate predictive analytics. The results can serve as a
guideline for researchers and stakeholders (eg, policymakers, elderly care centers, and health care providers) who provide care
for older adults through such a telehealth system.
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Introduction

In Hong Kong, residents aged 65 years old and above will
account for 33.7% of thetotal population in 2066, compared to
17.0% in 2018 [1]. Aging reduces the physical and cognitive
capacities of older adults and affects their ability to live
independently or perform daily activities. Older adults are also
susceptible to chronic diseases (eg, hypertension, diabetes, and
dementia). For example, approximately 73% of Hong Kong
residents aged 75 and above have hypertension [2] and nearly
1 out of 10 community-dwelling residents aged 70 or above has
dementia. Managing such chronic diseases or their exacerbations
is associated with close to 80% of health care budgets [3].
Another critical health issue for older adults is falling, which
can result in decreased mobility level, fear of falling, and even
death [4]. Approximately 18% of Hong Kong
community-dwelling older adults experience falls. Among
fallers, approximately 10% incur bone fractures[5] and around
32% experience soft tissueinjuries[6]. Thesefallsare associated
with increases of up to HKD 552 million (US$70 million) in
extraannual health care costs, approximately 30% of which can
be reduced through an effective fall prevention program [7].

Recently, the Hong Kong government proposed a policy of
“aging in place,” which encourages empowering older adults
to remain in communities for long-term care services and to
promote their well-being [8]. Such community-based services
can ease the public financial burden as they are cheaper than
public hospitals and can save costs that would be spent on
misused health care resources (eg, unnecessary hospitalizations)
[9]. Along with the shift from hospital care to community care,
community-based health care systems are facing unprecedented
challenges of limited capacity and resources to monitor older
adults health continuously. Moreover, the caregivers in
communitiesmay lack professional knowledge and thus cannot
detect health anomalies or suggest the next treatment for the
elderly when needed. Therefore, innovative solutions for
continuous monitoring of the health of the community-dwelling
elderly population and linking with health care professionals
are needed in the Hong Kong health system.

Owing to rapid developments in information technology,
telehealth monitoring has provided cost-effective and timely
access to quality care [10-12]. Telehealth monitoring systems
utilize telecommuni cation technol ogies (eg, digital monitoring
sensors) to capture and deliver health data (eg, vital signs) and
services between patients and health care professionals. In
particular, such a system provides a feasible solution to the
increasing demand for long-term care support and monitoring
to community-dwelling elderly individuals who may have
difficulties in accessing health services [13-16]. A review of
the current literature showed that tel ehealth systems have been
assisting older adults in specific health-related areas such as
chronic conditions [17-22], falls [23,24], and general wellness
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[25-28]. For example, Or and Tao [19] developed a
patient-centered, tablet computer-based self-monitoring system
to enable older adults with type 2 diabetes and hypertension to
measure and monitor their blood glucose and blood pressure.
Sparks and colleagues [22] proposed a decision support system
that seeks to help community nurses monitor the well-being of
their chronicaly ill patients, using an all-in-one station-based
health monitoring device. Doty and colleagues [24] devel oped
a wearable multimodal monitoring system designed for the
real-life long-term monitoring of patients susceptible to falls.
Inaddition totrial studies on telehealth monitoring systems, we
also found some national telehealth programs that have been
implemented, such asthe Whole Systems Demonstrator program
of the UK Depatment of Health [29], the Care
Coordination/Home Telehealth program introduced by Veterans
Health Administration in the United States[10], and the Home
Monitoring of Chronic Disease in Aged Care program funded
by the Australian government [16]. Significant benefits have
been reported, such as a 19% reduction in numbers of hospital
admissions [10] and 45% reduction in mortality rates [29].

However, as reported in previous studies [16,28,30,31], there
are still some restrictions and challenges that could block the
timely detection of health deterioration when implementing
continuous monitoring systems, such as offline data processing
and anaysis, usage of individual smart devices, and
single-parameter measurement. Motivated by these challenges,
we aimed to integrate some state-of -the-art techniquesinto these
monitoring systems, such as advanced biomedical signal
analysis, statistical data analysis, predictive analytics, and
decision support, which can help provide efficient health care
services[32-34]. In addition, we sought to design a system that
can utilize various smart devices to collect different
health-related measurements for providing an efficient and
accurate approach to raising health awareness in community
monitoring [35,36].

Methods

System Design

Schematic Diagram

Figure 1 shows the schematic diagram of our proposed
personalized health monitoring system. The system captures
and records older adults' health-related information such as
continuous vital signs and gait behaviors through various
measuring tools, and will be integrated and analyzed using
state-of-the-art data mining techniques. When any statistically
significant changes in daily records are detected, the decision
support system will emit warnings to older adults, their family
members, and their caregivers, who can then take appropriate
interventionsto prevent further health deterioration. The details
of the measuring tools integrated into the system are described
below.
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Figure 1. Schematic diagram of the proposed personalized health monitoring system.
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Vital Signs

Older adults vital signs are measured and recorded using an
al-in-one station-based telemonitoring device (TMC,
Telemedcare Systems Pty Ltd, Sydney, Australia). This device
was selected based on a comprehensive and independent
technology assessment process as described previously
[9,16,22]. Thevital signsthat aTMC unit can measureinclude
body temperature, systolic blood pressure (SBP), diastolic blood
pressure (DBP), heart rate, and blood oxygen level (SpO,). The
vital sign datacan beelectronically sent to acentralized database
for quality control and diagnostic purposes.

Daily Activity
A commercia device (Fithit-Alta, Fithit Inc, USA) isintegrated
into our proposed system to record older adults' steps and sleep

data. All of these datawill be synchronized and uploaded to the
Fitbit cloud server for quality control and diagnoses.
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Gait and Balance Sensor Signals

Older adults gait and balance status are measured using
wearable sensorsthat are cost-effective with few constraints on
monitoring movements [37-39]. Older adults need to put on a
sensor (ie, accelerometer and gyroscope) before performing a
3-meter timed up and go (3M-TUG) test and a 10-meter straight
walking (10M-SW) test (see Figure 2). The 3M-TUG test isa
well-known clinical test of gait mobility [40] with high
reliability [41]. During the 3M-TUG test, older adults need to
stand up from a chair, walk 3 meters, turn around, walk back 3
meters, and sit down on the chair. The completion time of the
3M-TUG test is recorded as it is associated with impaired
mobility and increased fall risks [40]. Gait speed is cited asthe
“sixth vital sign” [42] to reflect functional and physiological
changes[43,44], and can further reflect fall risk [45]. Gait speed
can be caculated from the 10M-SW test with participants
walking 10 metersin astraight line. Signal dataof gait behaviors
are collected from the wearabl e sensor during thetwo gait tests.
In addition, the Berg Balance Scale score is collected by
registered physiotherapists[46,47] to identify older adultswho
are proneto fallsand in need of preventive treatments [48,49].

Figure 2. Illustrations of (left) the 3-meter timed up and go test and (right) the 10-meter straight walking test.
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Demographic Information, Sleep Quality, and Wellness
Status

Customized questionnaires were used to collect older adults
demographic information (eg, age, gender, and chronic disease
history). Sleep quality was measured using the Pittsburgh Sleep
Quality Index scale [50], one of the most commonly used
clinical measures of deep quality [51,52], with the scoreranging
from 0to 21 (higher scoresindicate worse sleep quality). Older
adults were asked to self-report their daily wellness level, aso
called the Health Index, by rating on a 10-point scale from 1
(“feeling terrible”) to 10 (“feeling terrific”) [28].

System I mplementation

During the implementation phase, we collected raw data for
system algorithm devel opment and examined users’ acceptance
of our proposed health monitoring system. A 3-month follow-up
design was utilized in 3 centers that are part of a local
nongovernment organization providing community servicesto
the elderly [53]. Center A is a nursing home that provides
24-hour service to residents aged 60 or above and are mentally
suitablefor group living. Center B and Center C provide daycare
services for residents aged 60 or above who live in the
community.

Participants

Directorsof the 3 centersfirst approached their center members,
explained our study protocol, and invited older adults to
participate. Based on the name lists from the directors, we
recruited older adults who met al of the following inclusion
criteria (1) community-dwelling Hong Kong residents, (2) at
least 60 years old, (3) willing to participate in the study, and
(4) capable of cooperating in the assessment. Older adults with
unstable or life-threatening illness were excluded. After
completing all of the follow-up assessments, each participant
wasgiven a50 HKD (US $6.50) supermarket coupon asatoken
of appreciation. The pilot study was approved by the Research
Ethics Committee of City University of Hong Kong (reference
number: 3-2-201803 02). All participants provided written
informed consent before participating in the study.

Procedure

The implementation phase was scheduled from November 14,
2017 to February 13, 2018 in Center A; from December 17,
2017 to March 16, 2018 in Center B; and from March 1, 2018
to May 31, 2018 in Center C. We conducted follow ups every
day during the 3-month period, excluding public holidays or
special arrangements at the center (eg, special holiday leavein
Center A; special training daysin Center C). We ended up with
atotal of 58 follow ups for Center A, 63 follow ups for Center
B, and 58 follow ups for Center C.
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After obtaining participants consent forms, trained research
assistants collected participants demographic and sleep quality
information using questionnaires, and distributed each
participant a Fitbit-Altato wear 24 hours per day. The research
assi stants conducted the following operationsin each follow-up
visit, namely, every day during the 3-month period (except
public holidays or specia arrangements at the center).

First, the research assistants checked the battery of the Fitbit in
use and, if needed, replaced it with a prepaired, fully charged
Fitbit (each participant used two paired Fitbit devices during
the pilot study). The research assistants then synchronized the
Fitbit data with atablet and uploaded it to the Fitbit server.

Second, the research assistants asked the participants to be
seated in front of a TMC unit and guided each participant to
use the TMC for measurements of vital signs. After all the
measurements, the research assistants synchronized the vital
sign data to the TMC server.

Third, the research assistants recorded the participants’ self-rated
health status (ie, health index).

In addition, the research assi stants measured participants body
weight and performed a3M-TUG test and a 10M-SW test once
aweek during the 3-month period (except for public holidays
or special arrangements at the center).

System Evaluation

Exploratory data analysis was performed to summarize the
collected datasets. After the 3-month pilot study, we conducted
asurvey through distributing a questionnaire to evaluate users
acceptance of the system. The participants were asked to rate
their perceived acceptance of the system with respect to attitude
(eg, “it is awise idea to use this system”) [54], self-efficacy
(eg, “it is comfortable to perform self-monitoring via the
system”) [54], perceived usefulness (eg, “ using this system for
self-monitoring improves your health”) [55], perceived ease of
use (eg, “learning to perform self-monitoring via the systemis
easy for you") [55], and behavioral intention (eg, “you intend
to perform self-monitoring using the system in the next 2
months”) [56], using a 7-point Likert-type scale, ranging from
1 (“very strongly disagree”) to 7 (“very strongly agree”).

Results

Table 1 presents the demographic information, daily activities,
and vital signs of the 45 participants. Exploratory dataanalysis
showed significant differences among group meansin age (F 4o
=9.138, P=.001), steps (F, 4,=33.9, P<.001), body temperature
(F,,4,=145.1, P<.001), and SBP (F, 4,=4.417, P=.02). No other
significant group differences were found. Figure 3 shows the
longitudinal variations of the vital signs among the 3 centers.
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Table 1. Demographics, daily activities, and vital signs of the 45 participants stratified by center.

Variable Center A (n=10)

Center B (n=24)

Center C (n=11)

Age (years), mean (SD), range 88.7 (3.7), 82-94
Gender, n (%)

Female 8(80)

Male 2(20)

Chronicdisease (self-reported), n (%)

Hypertension 9 (90)
Heart disease 2(20)
Stroke 0(0)
Diabetes mellitus 2(20)
Cancer 0(0)
High cholesterol 0(0)
Asthma 2(20)
PSQI2 mean (SD) 7.80 (3.01)
Health index, mean (SD) 7.06 (1.72)
Daily activities, mean (SD)
Steps (number) 4751.8 (2481.7)
Sleep (hours) 7.08 (1.77)
Vital signs, mean (SD)
Body temperature ('C) 36.45 (0.12)
DBP° (mmHg) 74.05 (7.58)
SBF® (mmHg) 142.20 (3.72)
Heart rate (beatsminute) 74.99 (5.92)
00,9 (%) 96.84 (1.62)

76.3(7.8), 61-91

81.4 (9.9), 71-106

21(87) 4(36.4)
3(13) 7 (63.6)

13 (54) 7(58)

3(13) 2(17)

1(4) 3(25)

5(21) 3(25)

3(13) 0(0)

8(33) 4(33)

0(0) 1(8)

7.42 (3.99) 7.00 (1.91)

8.35 (1.24) 6.33 (1.60)
11817.5 (4089.1) 2751.5 (1718.5)
7.35 (1.60) 6.76 (2.14)
35.89 (0.14) 36.72 (0.17)
69.28 (8.37) 71.02 (4.28)
130.10 (11.43) 130.63 (14.65)
74.19 (10.73) 70.64 (11.28)
97.71 (1.29) 96.41 (1.90)

3PSQI: Pittsburgh Sleep Quality Index.
bDBP: diastolic blood pressure.

CSBP: systolic blood pressure.

dSpOZ: blood oxygen level.

Figure 4 shows an exampl e of asegmented 3M-TUG task using
accelerometer data and gyroscope data. Algorithms devel oped
to segment the signal data into sit-to-stand, walking, and
stand-to-sit are provided in our previous publication [57].

Overall, the participants strongly agreed that using the system
is a good idea (mean 5.67, SD 1.06). The participants agreed
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that using the system is comfortable (mean 4.92, SD 1.11),
useful to improve their health (mean 4.99, SD 0.91), and easy
touse (mean 4.99, SD 1.00). In general, the parti cipants showed
a positive intention to use the first version of our personalized
telehealth system in their future health management (mean 4.45,
SD 1.78).
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Figure 3. Vita signs of each participant from the 3 centers over time. The dashed lines represent mean values. BT: body temperature; DBP: diastolic
blood pressure; SBP: systolic blood pressure; HR: heart rate; SpO,: blood oxygen level.

38

37

36

35

150

100

150

125

100

Value

75

50
160

120

80

100.0

97.5

95.0

92.5

90.0

87.5

“Nov 15 Dec 01 Dec 15

Center A

Center B

Center C

g 2

Ik by

(snis|ao aaibep) 19

(BH ww) 4gs

(bH ww) dga

(enuiw 1ad syeaq) yH

(%) 20ds

Jan 01 Jan 15

Jan Feb

Mar

Apr May Jun

Figure 4. Example of segmented 3-meter (3M) timed up and go tasks using (left) accelerometer data and (right) gyroscope data.
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Discussion

Principal Findings

Innovative health care solutions such astelehealth are apossible
solution to support community caregiversto meet theincreasing
health services demand. In this paper, we proposed our first
version of an integrated, personalized telehealth monitoring
system and demonstrated its implementation for Hong Kong
community-dwelling older adults. We further evaluated its user
acceptance after 3 months. This system can help communicate
and manage the data collected from different sources, detect
health anomalies, provide wellness prediction, signal alerts on
health risks, and propose health improvement advice for
reduction of adverse health outcomes.

For elderly individuals with chronic illnesses or at high risk of
fals, timely detection of health anomalies is critical in health
management. Any adverse conditions remaining untreated could
result in ahigher chance of hospitalization and longer recovery
times[25]. Existing monitoring devices or systems mainly focus
on the monitoring of vital signs, which has limitations for
wellness prediction. The raw data from various sources can be
of multidimensions, multiscales, and of varying precision. It is
thereforeimportant to devel op toolsand protocolsfor integrating
and mining the personalized health-related data collected from
various devices. Our proposed system integrates continuous
measurements of vital signs, daily activities, and gait behaviors,
allowing for better analytics and interpretation of disease
progression and fall risks. Forecasting thewellness of the el derly
based onidentified personalized rulesmay be auseful indicator
in early anomaly detection and potential treatment [25]. One of
the key observations of our findingsis that health-related data
(eg, number of steps, body temperature, and SBP) showed high
variations among the 3 test centers. For example, older adults
who lived in Center A commonly exhibited a lack of physical
activities, whereas those recruited from Center B exhibited a
more active lifestyle with more physical activities. Such
differences among various populations (eg, older adults at
different care centers) may or may not affect the devel opment
of accurate predictive analytics. Thus, future studieswith alarge
sample size are needed to validate the existence of population
variations in health-related data and to further examine how
such variations affect health predictions.

The collected data provide a rich resource to develop models
and algorithms for smart personalized health management
through risk assessment, and disease and harm prevention. For
example, the vital sign data can be analyzed and modeled to
identify biomarkersfor anomaliesin health status. Based onthe
automated risk stratification, decision support systems can be
developed for patients themselves, their family members, or
clinicians who can review patients' health status and decide
whether a health care service is needed.

Implications and Future Work

Theoretically, our study offers an example of a system that
provides multidimension, multiscale, and multiprecision data
for elderly health monitoring. The integrated use of such data
from multiple sources can offer more reliable information as
compared with single-source data [28,58]. Based on the data
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collected from the proposed system, we have devel oped methods
for incorporating data from multiple sources for predictive
modeling (eg, wellness prediction for community-dwelling
elderly people) [28,59]. For elderly health monitoring, it is
important to combine continuous health monitoring data with
discrete demographic/medical data. The variables consist of
outcomes from sensing devicesthat output a continuous stream
of sensor information that are related to various activities.
Demographics/medical data consist of only a few variables
collected discretely over afixed time period. Naive integration
may result in situationswhere high-dimensional datadominate,
and simple data summaries may cause significant loss of key
information. New methodologies will be needed to determine
the scale and dimensionality for best performance under various
predictive models.

Following Chow [60], we proposeto utilize different datafusion
techniques for integrating heterogeneous data in terms of
dimension, scale, and precision by means of statistical modeling.
First, it is necessary to process and reconstruct collected data
on a unified coordinate or reference grid. Here, we propose
adopting a kernel-based smoothing method [61]. Given a
measurement taken from a specific source at a specific time,
the measurement will befiltered over auser-defined space-time
domain through a kernel regression function. Details of this
method are provided by Chow [60], who applied the method to
the fusion of road traffic data. Second, data from different
sources could be combined using the voting technique [62,63],
which is essentially a weighted linear combination of
information from different sources, in which the weights are
defined according to the accuracy or creditability of the
associated data sources as determined in advance. Moving
forward, we will use heterogeneous longitudinal methods with
a dynamic risk adjustment scheme for monitoring individual
risk, such asthe DySS, RA-CUSUM, and RA-EWMA methods
[64,65]. In addition, we will identify major vital signsthat affect
health conditions based on health monitoring and lifestyle data,
and then develop modeling strategies that will take the vital
signs features as input for state-of-the-art machine learning
algorithms such as boosting, support vector machine, random
forest, ensemble modeling, and neural networks for wellness
forecasting. Correlations between adverse health outcomes and
multiple risk factors (eg, poor gait and balance) will be
investigated based on the collected health monitoring data.

Practically, our systemislikely to be of interest to policymakers,
elderly care centers, and health care providers, particularly given
the urgent need to increase the capability to care for the elderly
as the burden shifts from hospital care. The proposed system
involveslinking health care providerswith their patients without
spending unnecessary time on less productive aspects of
community activities such as avoidable driving to and from
communities and on-site measurements of vital signsto assess
health condition. The system has the potential to detect
significant changesin health condition and to flag these changes
as more caregiver attention is required to keep older adults out
of hospitals. In addition, when hospitalization is needed, such
a system may help to automate risk stratification of patients,
which may facilitate hospital resources alocation. Thus, it can
be beneficial to improving the quality of health care services
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provided, and ease the heavy burden on loca health care
systems. Moreover, end users may not initially accept and adopt
anew technology after itsintroduction for avariety of reasons,
and therefore will not experience the benefits. Our preliminary
acceptance findings showed a relatively positive attitude for
using our system (mean score=5.67) and slightly high levels of
self-efficacy, perceived usefulness, perceived ease of use, and
behavioral intention (with mean scores of 4-5). One possible
reason could be that the participants may not have fully
perceived the potential benefits of our system as the utilized
system in the present study did not include any prediction
algorithms for health management and timely communications
between the system and the participants. Based on previous
studies, there could be some other factors that significantly
affect user acceptance of health information technology, such
as socia influence (eg, family/friends opinions) [66,67],
facilitating conditions (eg, organizational and technical
infrastructure) [68], and technology anxiety (eg, anxiety inusing
technology) [69].

To help implement our system into practice, we will perform
further longitudinal acceptance modeling studies on the full
version of our system to focus on the factors that affect older
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support services and training workshops) will be promoted to
improve user acceptance on our smart system. In the long run,
our proposed research is expected to devel op effective waysto
reduce the growing elderly care burden on health care systems.

Limitations

Missing datais acommon problem encountered in most health
care—related studies. Monitoring data quality in the presence of
missing data is required, because the accuracy and reliability
of measurements may be impaired when nonmedical experts
perform the measurements [16]. One limitation of this study is
the lack of data quality monitoring during implementation.
Based on the data collected, we developed a data quality
monitoring method to signal issues with the accuracy of the
collected dataquickly [71], which could be beneficial for further
studies. Moreover, our study was based on a 3-month design
and cannot evaluate the influences of season/time of the year
on data variation. Future studies, in particular longitudinal
studies of more than 6 months, are recommended to consider
the evaluation of the effects of season/time of year.

This work was partly supported by the RGC Theme-Based Research Scheme (no. T32-102-14N), CityU Grant (no. 9610406),
and the National Natural Science Foundation of China (no. 71901188). The authors wish to thank the HKCS for their support in
participant recruitment and thank all of the participants of the pilot studies.

Authors Contributions

Conceptualization: HW and Y Z; Data collection: HW, LY, and JL; Data analysis. HW, LY, and 1Z; Methodology: HW and Y Z;
Writing—original draft: HW; Writing—review and editing: HW, YZ, LY, and JC; Funding acquisition: KLT; Supervision: KLT.

Conflictsof Interest
None declared.

References

1.  TheGovernment of the Hong Kong Special Administrative Region. Hong Kong Population Projections 2017-2066. Census
and Statistics Department. URL : https.//www.statisti cs.gov.hk/pub/B1120015072017X X X X B0100.pdf [accessed 2020-09-22]

2. The Government of the Hong Kong Special Administrative Region. Elderly Health Service. Department of Health. URL:
http://www.elderly.gov.hk/eindex.html [accessed 2020-09-22]

3. Anderson G, Horvath J. The growing burden of chronic diseasein America. Public Health Rep 2004;119(3):263-270 [FREE
Full text] [doi: 10.1016/j.phr.2004.04.005] [Medline: 15158105]

4.  Tinetti ME. Clinical practice. Preventing fallsin elderly persons. N Engl JMed 2003 Jan 02;348(1):42-49. [doi:
10.1056/NEJIM cp020719] [Medline: 12510042]

5. Ho SC, Woo J, Chan SS, Yuen YK, Sham A. Risk factorsfor fallsin the Chinese elderly population. J Gerontol A Biol Sci
Med Sci 1996 Sep;51(5):M195-M198. [doi: 10.1093/gerona/51a.5.m195] [Medline; 8808988]

6. ChulLW, Pe CK, ChiuA, LiuK, Chu MM, Wong S, et a. Risk factors for fallsin hospitalized older medical patients. J
Gerontol A Biol Sci Med Sci 1999 Jan;54(1):M38-M43. [doi: 10.1093/gerona/54.1.m38] [Medline: 10026661]

7. ChulL,Chil, ChiuA. Falsand fall-related injuries in community-dwelling elderly personsin Hong Kong: a study on risk
factors, functional decline, and health services utilisation after falls. Hong Kong Med J 2007;13(1):S8-S12 [FREE Full
text]

8. The Government of the Hong Kong Special Administrative Region. Services for the Elderly. Social Welfare Department.
URL: https.//www.swd.gov.hk/en/index/site_pubsvc/page elderly/ [accessed 2020-09-22]

9. Cdler BG, Sparks R, Nepal S, Alem L, Varnfield M, Li J, et a. Design of a multi-site multi-state clinical trial of home
monitoring of chronic disease in the community in Australia. BMC Public Health 2014 Dec 15;14:1270 [FREE Full text]
[doi: 10.1186/1471-2458-14-1270] [Medline: 25511206]

http://www.jmir.org/2020/9/€19223/ JMed Internet Res 2020 | vol. 22 | iss. 9| e19223 | p. 8

(page number not for citation purposes)


https://www.statistics.gov.hk/pub/B1120015072017XXXXB0100.pdf
http://www.elderly.gov.hk/eindex.html
http://europepmc.org/abstract/MED/15158105
http://europepmc.org/abstract/MED/15158105
http://dx.doi.org/10.1016/j.phr.2004.04.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15158105&dopt=Abstract
http://dx.doi.org/10.1056/NEJMcp020719
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12510042&dopt=Abstract
http://dx.doi.org/10.1093/gerona/51a.5.m195
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8808988&dopt=Abstract
http://dx.doi.org/10.1093/gerona/54.1.m38
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10026661&dopt=Abstract
https://www.hkmj.org/abstracts/v13n1s1/8.htm
https://www.hkmj.org/abstracts/v13n1s1/8.htm
https://www.swd.gov.hk/en/index/site_pubsvc/page_elderly/
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-14-1270
http://dx.doi.org/10.1186/1471-2458-14-1270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25511206&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

Darkins A, Ryan P, Kobb R, Foster L, Edmonson E, Wakefield B, et a. Care Coordination/Home Tel ehealth: the systematic
implementation of health informatics, hometel ehealth, and disease management to support the care of veteran patientswith
chronic conditions. Telemed J E Health 2008 Dec;14(10):1118-1126. [doi: 10.1089/tmj.2008.0021] [Medline: 19119835]
Lai AM, Kaufman DR, Starren J, Shea S. Evaluation of aremote training approach for teaching seniorsto use a telehealth
system. Int JMed Inform 2009 Nov;78(11):732-744 [EREE Full text] [doi: 10.1016/].ijmedinf.2009.06.005] [Medline:
19620023]

Hebert MA, Korabek B, Scott RE. Moving research into practice: A decision framework for integrating home telehealth
into chronic illness care. Int JMed Inform 2006 Dec; 75(12):786-794. [doi: 10.1016/].ijmedinf.2006.05.041] [Medline:
16872892]

Mabo P, Victor F, Bazin P, Ahres S, Babuty D, Da Costa A, COMPAS Trial Investigators. A randomized trial of long-term
remote monitoring of pacemaker recipients (the COMPAS trial). Eur Heart J2012 May;33(9):1105-1111 [FREE Full text]
[doi: 10.1093/eurheartj/ehr419] [Medline: 22127418)

Crossley G, Boyle A, Vitense H, Sherfesee L, Mead RH. Trial design of the clinical evaluation of remote notification to
reduce time to clinical decision: the Clinical evaluation Of remote NotificatioN to rEduCe Timeto clinical decision
(CONNECT) study. Am Heart J 2008 Nov;156(5):840-846. [doi: 10.1016/j.ahj.2008.06.028] [Medline: 19061696]
Brettle A, Brown T, Hardiker N, Radcliffe J, Smith C. Telehealth: The effects on clinical outcomes, cost effectiveness and
the patient experience: A systematic overview of the literature. University of Salford. 2013. URL : http://usir.salford.ac.uk/
id/eprint/29392/ [accessed 2020-09-22]

Celler BG, Sparks RS. Home telemonitoring of vital signs--technical challenges and future directions. |EEE J Biomed
Health Inform 2015 Jan;19(1):82-91. [doi: 10.1109/JBHI.2014.2351413] [Medline: 25163076]

KakriaP, Tripathi NK, Kitipawang P. A Real-Time Health Monitoring System for Remote Cardiac Patients Using Smartphone
and Wearable Sensors. Int J Telemed Appl 2015;2015:373474. [doi: 10.1155/2015/373474] [Medline: 26788055]

Etemadi M, Inan OT, Heller JA, Hersek S, Klein L, Roy S. A Wearable Patch to Enable Long-Term Monitoring of
Environmental, Activity and Hemodynamics Variables. |EEE Trans Biomed Circuits Syst 2016 Apr;10(2):280-288 [FREE
Full text] [doi: 10.1109/TBCAS.2015.2405480] [Medline: 25974943]

Or C, Tao D. A 3-Month Randomized Controlled Pilot Trial of a Patient-Centered, Computer-Based Self-Monitoring
System for the Care of Type 2 Diabetes Méllitus and Hypertension. JMed Syst 2016 Apr;40(4):81. [doi:
10.1007/s10916-016-0437-1] [Medline: 26802011]

Megalingam R, Unnikrishnan U, Subash A, Pocklassery G, Thulasi A, Mourya G. Wearable medical devicesin preventive
health care: Cuffless blood pressure measurement. 2014 Presented at: Intelligent Computing, Communication and Devices;
2014; New Delhi, India. [doi: 10.1007/978-81-322-2012-1 80]

Spano E, Di Pascoli S, lannaccone G. Low-Power Wearable ECG Monitoring System for M ultiple-Patient Remote Monitoring.
| EEE Sensors J 2016 Jul;16(13):5452-5462. [doi: 10.1109/jsen.2016.2564995]

Sparks R, Celler B, Okugami C, Jayasena R, Varnfield M. Telehealth monitoring of patientsin the community. JIntell Syst
2016;25(1):37. [doi: 10.1515/jisys-2014-0123]

Mélillo P, Orrico A, Scala P, Crispino F, Pecchia L. Cloud-Based Smart Health Monitoring System for Automatic
Cardiovascular and Fall Risk Assessment in Hypertensive Patients. J Med Syst 2015 Oct;39(10):109. [doi:
10.1007/s10916-015-0294-3] [Medline: 26276015]

Doty T, Kellihan B, Jung T, Zao J, Litvan |. The Wearable Multimodal Monitoring System: A Platform to Study Falls and
Near-Fallsin the Real-World. In: Zhou J, Salvendy G, editors. Human Aspectsof I T for the Aged Popul ation. Los Angeles,
CA, USA: Springer; Aug 2, 2015:412-422.

ChanW, Zhao Y, Tsui K. Implementation of electronic health monitoring systems at the community level in Hong Kong.
In: Lecture Notesin Computer Science. 2017 Oct 28 Presented at: International Conference on Smart Health; 2017; Hong
Kong p. 94-103. [doi: 10.1007/978-3-319-67964-8_9]

Ghayvat H, Liu J, Mukhopadhyay SC, Gui X. Wellness Sensor Networks: A Proposal and I mplementation for Smart Home
for Assisted Living. |EEE Sensors J 2015 Dec;15(12):7341-7348. [doi: 10.1109/jsen.2015.2475626]

Arshad A, Khan S, Alam A, Tasnim R, Boby R. Health and wellness monitoring of elderly people using intelligent sensing
technique. 2016 Presented at: International Conference on Computer and Communication Engineering (ICCCE); 2016;
Kuala Lumpur, Malaysia p. 26-27. [doi: 10.1109/iccce.2016.58]

YulL, Chan WM, Zhao Y, Tsui K. Personalized Health Monitoring System of Elderly Wellness at the Community Level
in Hong Kong. |EEE Access 2018;6:35558-35567. [doi: 10.1109/access.2018.2848936]

Steventon A, Bardsley M, Billings J, Dixon J, Doll H, Hirani S, Whole System Demonstrator Evaluation Team. Effect of
telehealth on use of secondary care and mortality: findings from the Whole System Demonstrator cluster randomised trial.
BMJ 2012 Jun 21;344:e3874 [FREE Full text] [doi: 10.1136/bmj.e3874] [Medline: 22723612]

Redmond SJ, XieY, Chang D, BasilakisJ, Lovell NH. Electrocardiogram signal quality measuresfor unsupervised telehealth
environments. Physiol Meas 2012 Sep;33(9):1517-1533. [doi: 10.1088/0967-3334/33/9/1517] [Medline: 22903004]
Peyton L, Mouttham A, Ali K, Baarah A, Mouftah H. Real-time analytics and quality of care. In: Sturmberg JP, Martin
CM, editors. Handbook of Systems and Complexity in Health. New York, NY: Springer New York; 2013:495-519.

http://www.jmir.org/2020/9/€19223/ JMed Internet Res 2020 | vol. 22 | iss. 9| e19223 | p. 9

(page number not for citation purposes)


http://dx.doi.org/10.1089/tmj.2008.0021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19119835&dopt=Abstract
http://europepmc.org/abstract/MED/19620023
http://dx.doi.org/10.1016/j.ijmedinf.2009.06.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19620023&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2006.05.041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16872892&dopt=Abstract
http://europepmc.org/abstract/MED/22127418
http://dx.doi.org/10.1093/eurheartj/ehr419
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22127418&dopt=Abstract
http://dx.doi.org/10.1016/j.ahj.2008.06.028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19061696&dopt=Abstract
http://usir.salford.ac.uk/id/eprint/29392/
http://usir.salford.ac.uk/id/eprint/29392/
http://dx.doi.org/10.1109/JBHI.2014.2351413
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25163076&dopt=Abstract
http://dx.doi.org/10.1155/2015/373474
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26788055&dopt=Abstract
http://europepmc.org/abstract/MED/25974943
http://europepmc.org/abstract/MED/25974943
http://dx.doi.org/10.1109/TBCAS.2015.2405480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25974943&dopt=Abstract
http://dx.doi.org/10.1007/s10916-016-0437-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26802011&dopt=Abstract
http://dx.doi.org/10.1007/978-81-322-2012-1_80
http://dx.doi.org/10.1109/jsen.2016.2564995
http://dx.doi.org/10.1515/jisys-2014-0123
http://dx.doi.org/10.1007/s10916-015-0294-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26276015&dopt=Abstract
http://dx.doi.org/10.1007/978-3-319-67964-8_9
http://dx.doi.org/10.1109/jsen.2015.2475626
http://dx.doi.org/10.1109/iccce.2016.58
http://dx.doi.org/10.1109/access.2018.2848936
http://europepmc.org/abstract/MED/22723612
http://dx.doi.org/10.1136/bmj.e3874
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22723612&dopt=Abstract
http://dx.doi.org/10.1088/0967-3334/33/9/1517
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22903004&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

Herland M, Khoshgoftaar TM, Wald R. A review of datamining using big datain health informatics. JBig Data2014;1(1):2.
[doi: 10.1186/2196-1115-1-2]

Zhang Y, Fong S, Fiaidhi J, Mohammed S. Real-time clinical decision support system with data stream mining. J Biomed
Biotechnol 2012;2012:580186. [doi: 10.1155/2012/580186] [Medline: 22851884]

Thommandram A, Pugh J, Eklund J, McGregor C, James A. Classifying neonatal spells using real-time temporal analysis
of physiological data streams: Algorithm development. 2013 Presented at: | EEE Point-of-Care Healthcare Technologies
(PHT); 2013; Bangalore, Indiap. 16-18. [doi: 10.1109/pht.2013.6461329]

Meharia P, Agrawal D. A hybrid key management scheme for healthcare sensor networks. 2016 Presented at: IEEE
International Conference on Communications (ICC); 2016; Kuala Lumpur, Malaysiap. 22-27. [doi:
10.1109/icc.2016.7511484]

Rebolledo-Nandi Z, Chavez-Olivera A, Cuevas-Valencia R, Alarcon-Paredes A, Alonso G. Design of a versatile low cost
mobile health care monitoring system using an android application. 2015 Presented at: Pan American Health Care Exchanges
(PAHCE); March 23-28, 2015; Santiago, Vinadel Mar, Chile. [doi: 10.1109/pahce.2015.7173334]

Howcroft J, Kofman J, Lemaire ED. Review of fall risk assessment in geriatric popul ationsusing inertial sensors. JNeuroeng
Rehabil 2013 Aug 08;10(1):91 [FREE Full text] [doi: 10.1186/1743-0003-10-91] [Medline: 23927446]

Shany T, Redmond SJ, Marschollek M, Lovell NH. Assessing fall risk using wearable sensors: a practical discussion. A
review of the practicalities and challenges associated with the use of wearable sensorsfor quantification of fall risk in older
people. Z Gerontol Geriatr 2012 Dec;45(8):694-706. [doi: 10.1007/s00391-012-0407-2] [Medline: 23184295]

Shany T, Redmond SJ, Narayanan MR, Lovell NH. Sensors-Based Wearable Systems for Monitoring of Human Movement
and Falls. IEEE Sensors J 2012 Mar;12(3):658-670. [doi: 10.1109/JSEN.2011.2146246]

Weiss A, Herman T, Plotnik M, Brozgol M, Maidan |, Giladi N, et al. Med Eng Phys 2010 Mar;32(2):119-125. [doi:
10.1016/j.medengphy.2009.10.015] [Medline; 19942472]

Schoene D, Wu SM, Mikolaizak AS, Menant JC, Smith ST, Delbaere K, et al. Discriminative ability and predictive validity
of the timed up and go test in identifying older people who fall: systematic review and meta-analysis. JAm Geriatr Soc
2013 Feb;61(2):202-208. [doi: 10.1111/jgs.12106] [Medline: 23350947]

Fritz S, Lusardi M. White paper: "walking speed: the sixth vital sign". J Geriatr Phys Ther 2009;32(2):46-49. [Medline:
20039582]

Studenski S. Bradypedia: is gait speed ready for clinical use? J Nutr Health Aging 2009 Dec;13(10):878-880. [doi:
10.1007/s12603-009-0245-0] [Medline: 19924347]

Perry J, Garrett M, Gronley JK, Mulroy SJ. Classification of walking handicap in the stroke population. Stroke 1995
Jun;26(6):982-989. [doi: 10.1161/01.str.26.6.982] [Medline: 7762050]

Quach L, GalicaA, Jones R, Procter-Gray E, Manor B, Hannan M, et a. The nonlinear relationship between gait speed
and falls: the Maintenance of Balance, Independent Living, Intellect, and Zest in the Elderly of Boston Study. JAm Geriatr
Soc 2011 Jun;59(6):1069-1073 [FREE Full text] [doi: 10.1111/].1532-5415.2011.03408.x] [Medline: 21649615]

Chou C, Chien C, Hsueh I, Sheu C, Wang C, Hsieh C. Developing a short form of the Berg Balance Scale for people with
stroke. Phys Ther 2006 Feb;86(2):195-204. [Medline: 16445333]

Kerr GK, Worringham CJ, Cole MH, Lacherez PF, Wood JM, Silburn PA. Predictors of future falls in Parkinson disease.
Neurology 2010 Jul 13;75(2):116-124. [doi: 10.1212/WNL .0b013e3181e7b688] [Medline: 20574039]

Guimaraes RM, Isaacs B. Characteristics of the gait in old people who fall. Int Rehabil Med 1980;2(4):177-180. [doi:
10.3109/09638288009163984] [Medline: 7239777)

Maki BE. Gait changesin older adults: predictors of falls or indicators of fear. JAm Geriatr Soc 1997 Mar;45(3):313-320.
[doi: 10.1111/j.1532-5415.1997.tb00946.x] [Medline: 9063277]

Buysse DJ, Reynolds CF, Monk TH, Berman SR, Kupfer DJ. The Pittsburgh Sleep Quality Index: a new instrument for
psychiatric practice and research. Psychiatry Res 1989 May;28(2):193-213. [doi: 10.1016/0165-1781(89)90047-4] [Medline:
2748771]

Mollayeva T, Thurairgjah P, Burton K, Mollayeva S, Shapiro CM, Colantonio A. The Pittsburgh sleep quality index asa
screening tool for sleep dysfunction in clinical and non-clinical samples: A systematic review and meta-analysis. Sleep
Med Rev 2016 Feb;25:52-73. [doi: 10.1016/j.smrv.2015.01.009] [Medline: 26163057]

PilzLK, Keller LK, Lenssen D, Roenneberg T. Timeto rethink sleep quality: PSQI scoresreflect sleep quality on workdays.
Sleep 2018 May 01;41(5):zsy029. [doi: 10.1093/sleep/zsy029] [Medline: 29420828]

Hong Kong Christian Service. Elderly Core Business. 2018. URL : http://www.hkcs.org/en/services/ech [accessed 2020-09-22]
Taylor S, Todd PA. Understanding Information Technology Usage: A Test of Competing Models. Inf Syst Res 1995
Jun;6(2):144-176. [doi: 10.1287/isre.6.2.144]

Davis FD, Bagozzi RP, Warshaw PR. User Acceptance of Computer Technology: A Comparison of Two Theoretical
Models. Manage Sci 1989 Aug;35(8):982-1003. [doi: 10.1287/mnsc.35.8.982]

Venkatesh V, Morris MG, Davis GB, Davis FD. User Acceptance of Information Technology: Toward a Unified View.
MIS Quart 2003;27(3):425-478. [doi: 10.2307/30036540]

http://www.jmir.org/2020/9/€19223/ JMed Internet Res 2020 | vol. 22 |iss. 9| €19223 | p. 10

(page number not for citation purposes)


http://dx.doi.org/10.1186/2196-1115-1-2
http://dx.doi.org/10.1155/2012/580186
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22851884&dopt=Abstract
http://dx.doi.org/10.1109/pht.2013.6461329
http://dx.doi.org/10.1109/icc.2016.7511484
http://dx.doi.org/10.1109/pahce.2015.7173334
https://jneuroengrehab.biomedcentral.com/articles/10.1186/1743-0003-10-91
http://dx.doi.org/10.1186/1743-0003-10-91
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23927446&dopt=Abstract
http://dx.doi.org/10.1007/s00391-012-0407-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23184295&dopt=Abstract
http://dx.doi.org/10.1109/JSEN.2011.2146246
http://dx.doi.org/10.1016/j.medengphy.2009.10.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19942472&dopt=Abstract
http://dx.doi.org/10.1111/jgs.12106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23350947&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20039582&dopt=Abstract
http://dx.doi.org/10.1007/s12603-009-0245-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19924347&dopt=Abstract
http://dx.doi.org/10.1161/01.str.26.6.982
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7762050&dopt=Abstract
http://europepmc.org/abstract/MED/21649615
http://dx.doi.org/10.1111/j.1532-5415.2011.03408.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21649615&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16445333&dopt=Abstract
http://dx.doi.org/10.1212/WNL.0b013e3181e7b688
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20574039&dopt=Abstract
http://dx.doi.org/10.3109/09638288009163984
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7239777&dopt=Abstract
http://dx.doi.org/10.1111/j.1532-5415.1997.tb00946.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9063277&dopt=Abstract
http://dx.doi.org/10.1016/0165-1781(89)90047-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2748771&dopt=Abstract
http://dx.doi.org/10.1016/j.smrv.2015.01.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26163057&dopt=Abstract
http://dx.doi.org/10.1093/sleep/zsy029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29420828&dopt=Abstract
http://www.hkcs.org/en/services/ecb
http://dx.doi.org/10.1287/isre.6.2.144
http://dx.doi.org/10.1287/mnsc.35.8.982
http://dx.doi.org/10.2307/30036540
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

57.

58.

59.

60.

61.

62.
63.

65.

66.

67.

68.

69.

70.

71.

Yul, Zhao Y, Wang H, Sun TL, Murphy TE, Tsui KL. Assessing elderly's functional balance and mobility via analyzing
data from waist-mounted tri-axial wearable accelerometersin time up and go tests. BMC Med Inform Decis Mak
2020:forthcoming.

Naddeo S, Verde L, Forastiere M, Pietro G, Sannino G. A real-time m-health monitoring system: An integrated solution
combining the use of several wearable sensors and maobile devices. 2017 Presented at: The 10th International Joint Conference
on Biomedical Engineering Systems and Technologies; February 21-23, 2017; Porto, Portugal p. 545-552. [doi:
10.5220/0006296105450552]

Fan X, Zhao Y, Wang H, Tsui KL. Forecasting one-day-forward wellness conditions for community-dwelling elderly with
single lead short electrocardiogram signals. BMC Med Inform Decis Mak 2019 Dec 30;19(1):285 [FREE Full text] [doi:
10.1186/s12911-019-1012-8] [Medline: 31888608]

Chow A. Heterogeneous urban traffic data and their integration through kernel-based interpol ation. Jof Facilities Management
2016 May 03;14(2):165-178. [doi: 10.1108/jfm-08-2015-0025]

Camps-Vals G, Gomez-Chova L, Munoz-Mari J, Rojo-Alvarez J, Martinez-Ramon M. Kernel-Based Framework for
Multitemporal and Multisource Remote Sensing Data Classification and Change Detection. IEEE Trans Geosci Remote
Sensing 2008 Jun;46(6):1822-1835. [doi: 10.1109/tgrs.2008.916201]

Olkinl. Meta-analysis: methodsfor combining independent studies. Stat Sci 1992;7(2):226. [doi: 10.17877/DE290R-12874]
Choi K, Chung Y. A Data Fusion Algorithm for Estimating Link Travel Time. JIntel Transport Syst 2010 Jun
18;7(3-4):235-260. [doi: 10.1080/714040818]

Qiu P, Xiang D. Surveillance of cardiovascular diseases using a multivariate dynamic screening system. Stat Med 2015
Jun 30;34(14):2204-2221. [doi: 10.1002/sim.6477] [Medline: 25757653]

Woodall WH, Fogel SL, Steiner SH. The Monitoring and Improvement of Surgical-Outcome Quality. JQual Technol 2017
Nov 21;47(4):383-399. [doi: 10.1080/00224065.2015.11918141]

Dwivedi YK, RanaNP, Jeyarg) A, Clement M, Williams MD. Re-examining the Unified Theory of Acceptance and Use
of Technology (UTAUT): Towards a Revised Theoretical Model. Inf Syst Front 2017 Jun 8;21(3):719-734. [doi:
10.1007/s10796-017-9774-y]

Lunney A, Cunningham N, Eastin M. Wearabl e fitnesstechnology: A structural investigation into acceptance and perceived
fitness outcomes. Comput Human Behav 2016 Dec;65:114-120. [doi: 10.1016/j.chb.2016.08.007]

Venkatesh V, Thong JY L, Xu X. Consumer Acceptance and Use of Information Technology: Extending the Unified Theory
of Acceptance and Use of Technology. MIS Quarterly 2012;36(1):157-178. [doi: 10.2307/41410412]

Hoque R, Sorwar G. Understanding factorsinfluencing the adoption of mHealth by the elderly: An extension of the UTAUT
model. Int JMed Inform 2017 May;101:75-84. [doi: 10.1016/j.ijmedinf.2017.02.002] [Medline: 28347450]

Abd-Alrazag AA, Bewick BM, Farragher T, Gardner P. Factors that affect the use of electronic persona health records
among patients: A systematic review. Int JMed Inform 2019 Jun;126:164-175. [doi: 10.1016/j.ijmedinf.2019.03.014]
[Medline: 31029258]

Mahmood T, Wittenberg P, Zwetsloot IM, Wang H, Tsui KL. Monitoring data quality for telehealth systemsin the presence
of missing data. Int JMed Inform 2019 Jun;126:156-163. [doi: 10.1016/).ijmedinf.2019.03.011] [Medline: 31029257]

Abbreviations

3M-TUG: 3-meter timed up and go
10M-SW: 10-meter straight walking
DBP: diastolic blood pressure

SBP: systolic blood pressure

SpO,: blood oxygen level

Edited by G Eysenbach; submitted 09.04.20; peer-reviewed by K Liu, X Li; comments to author 11.05.20; revised version received
21.05.20; accepted 25.06.20; published 30.09.20

Please cite as:

Wang H, Zhao Y, Yu L, Liu J, Zwetsloot IM, Cabrera J, Tsui KL

A Personalized Health Monitoring System for Community-Dwelling Elderly People in Hong Kong: Design, Implementation, and
Evaluation Sudy

J Med Internet Res 2020;22(9):€19223

URL: http://www.jmir.org/2020/9/e19223/

doi: 10.2196/19223

PMID: 32996887

http://www.jmir.org/2020/9/€19223/ JMed Internet Res 2020 | vol. 22 | iss. 9 | €19223 | p. 11

(page number not for citation purposes)


http://dx.doi.org/10.5220/0006296105450552
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-019-1012-8
http://dx.doi.org/10.1186/s12911-019-1012-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31888608&dopt=Abstract
http://dx.doi.org/10.1108/jfm-08-2015-0025
http://dx.doi.org/10.1109/tgrs.2008.916201
http://dx.doi.org/10.17877/DE290R-12874
http://dx.doi.org/10.1080/714040818
http://dx.doi.org/10.1002/sim.6477
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25757653&dopt=Abstract
http://dx.doi.org/10.1080/00224065.2015.11918141
http://dx.doi.org/10.1007/s10796-017-9774-y
http://dx.doi.org/10.1016/j.chb.2016.08.007
http://dx.doi.org/10.2307/41410412
http://dx.doi.org/10.1016/j.ijmedinf.2017.02.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28347450&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2019.03.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31029258&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2019.03.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31029257&dopt=Abstract
http://www.jmir.org/2020/9/e19223/
http://dx.doi.org/10.2196/19223
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32996887&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Wang et a

©Hailiang Wang, Yang Zhao, Lisha Yu, Jiaxing Liu, Inez Maria Zwetsloot, Javier Cabrera, Kwok-Leung Tsui. Originally
published in the Journal of Medical Internet Research (http://www.jmir.org), 30.09.2020. Thisisan open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of
Medical Internet Research, is properly cited. The complete bibliographic information, a link to the origina publication on
http://ww.jmir.org/, as well as this copyright and license information must be included.

http://www.jmir.org/2020/9/€19223/ JMed Internet Res 2020 | vol. 22 | iss. 9 | €19223 | p. 12

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

