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ABSTRACT The trend of aging population among working families has made health care services for
sub-healthy people more important. In Taiwan, caregivers are often hired by human resource agencies to
provide long-term care, and they are the main supervisors responsible for the care of the sub-healthy people.
However, most agencies only consider the cost of their caregivers and have insufficient staff to take care of the
sub-healthy people, leading to the failure of the long-term care system. The lack of an effective collaborative
framework for long-term care leads to sub-healthy people being at high risks. Existing frameworks for long-
term care are still in the early stages of capturing suitability information dynamically. This paper proposes
a new framework that includes all possible features suitable to support the needs of all sub-healthy people
and provides a solution for the issue of determining suitable features for collaboration. This study applies
association rules to long-term care to handle the mapping process and uses artificial intelligence technology
to solve the issues of adjusting human variability dynamically based on the mapping result of sub-healthy
people.

INDEX TERMS Artificial intelligence, collaborative framework, long-term care, sub-healthy people.

I. INTRODUCTION
One-ninth of the population of the world is 60 years of age
or older, and the projected number of people over the age
of 60 will reach 2 billion by 2050.1 Sub-healthy people
with chronic diseases are sometimes looked after by care-
givers in nursing homes. However, most sub-healthy people
live alone and frequently go outside as part of their daily
activities. This implies that they would like to live a more
independent life and need companionship, and they may
possibly have a high risk of spiritual loneliness. This study
uses the term sub-healthy to refer to older people who are
capable of being independent under their residential aged care
(RAC). Therefore, they have abilities to use state-of-the-art
technologies such as smartphones to have their own social
networks [1]–[3].

The long-term care system in RAC, sub-healthy people
still need caregivers to accompany them to prevent spiritual
alienation or accidents such as falls. Although caregivers
including family members, friends, volunteers, nurses, and
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1https://www.ifa-fiv.org/

physicians are all possible candidates as home care work-
ers. However, the main caregivers in charge of sub-healthy
people under RAC are coming from care agencies [4]. Most
agencies focus on decreasing their cost in hiring workers and
always have insufficient staff, leading to the failure of the
long-term care system [4]. This study proposes that caregivers
could be sub-healthy people themselves to have a long-term
collaboration with each other and can solve the issue of
insufficient manpower. Sub-healthy people are often highly
active, so it is necessary to consider their wills, backgrounds,
or technologies to collaborate with. Sub-healthy people may
have different political views or interests, so it is a challenge
for long-term care to match their needs perfectly and to let the
collaborative framework for long-term care work smoothly.
The lack of an effective collaborative framework of long-term
care will put sub-healthy people under unnecessary high risk.
Therefore, the first research question is described as follows:
RQ1: What are suitable features relevant to an effective col-
laborative framework for long-term care?

From the perspective of human or physical state variability,
an effective framework should be able to learn and customize
the association rules based on changing needs and prefer-
ences of sub-healthy people. However, it is a big challenge
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to face adjustments and manage human variability dynami-
cally. People have different preferences and may change their
behaviors even under the same conditions, which may influ-
ence the effectiveness of the collaborative framework. There-
fore, the second research question is described as follows:
RQ2: How to adjust data on human variability dynamically
based on the features of sub-healthy people?

Themain purpose of this study is to develop a collaborative
framework for long-term care that is suitable for sub-healthy
people and implement artificial intelligence to allow the map-
ping process of the collaboration to be both suitable and
reliable. The next section presents literature reviews and is
followed by a description of the proposed framework and
research model. The fourth section presents the design of
the experiment, and it is followed by the last section that
concludes with some important contributions, limitations,
and future prospects of the study.

II. LITERATURE REVIEW
Existing studies state that many sub-healthy people, espe-
cially those with chronic diseases, do not cooperate well
in maintaining their long-term care once back home from
the hospital. This is associated with patients coming home
to an empty house and not having adequate home-care
services [5]–[7]. There is a developed centralized health
record management architecture to support cooperative
works for sub-healthy people [5], [6]. The architecture is
based on the Collaborative Filtering (CF) theory, which com-
pares sub-healthy people with others when they buy the same
type of products. However, the current studies retain some
serious misgivings about the adequacies of this system since
it does not consider its suitability for sub-healthy people.
Besides, the common limitation of those approaches is the
lack of adjusted abilities that can provide a shred of underly-
ing evidence or framework to increase information related to
sub-healthy people.

The basic idea of the suitability of human resource agen-
cies is that optimized services should consider all human
resources and be dynamic to adjust their needs. However,
in existing studies, for example, Zhang et al. [8] they may
only consider some medical factors, such as pathology, radi-
ology, and endoscopy. To achieve the identification of the
suitability factors, actors should be assigned as having one or
more roles or factors, such as the risk levels or demography
categories, as well as patients need to be able to selectively
interact with a good healthcare system. Some sub-healthy
people may prefer to take care of themselves as if they were
high-risk level people because of the higher level of interac-
tion or empathy they receive.

One of the existing frameworks (Figure 1) consists of a
server, user interface, remote base station and community
cloud [9]. The hospital community cloud has a hierarchi-
cal framework with two modes: in-patient and out-patient,
which provide connectivity to the hospital community cloud
from their local servers. With the help of the centralized
cloud system, caregivers can help their patients connect their

FIGURE 1. One of the existing frameworks for long-term care [9].

devices to the server. In Figure 1, the first layer consists of
comprehensive sensors (e.g., time and location sensors) and
personal information, though it fails to focus on the factors
relevant to the characteristic of long-term care. The sec-
ond layer is responsible for encrypting data, yet there is
no documentation that provides instructions to decrypt the
data. The ideal application layer should cover the issue of
identifying sub-healthy people, but this is not highlighted in
the existing framework. Although existing studies understand
the potential of building collaborative frameworks, they do
not fully realize it in practice due to a variety of challenges.
Further research is required to address the issues of long-
term care. As most existing approaches do not solve the
research questions mentioned above, their practical feasibil-
ity and level of user acceptance are uncertain. This framework
is not appropriate to guide the design of long-term care
systems.

To return to the second research question, what kind of
technologies are helpful that can dynamically adjust to human
variability based on the features of sub-healthy people?
From a novel perspective, one of the major challenges that
researchers are facing in this field is to explore a process
innovation [10] in search of this answer.

In this study, I addressed the above issue by building
an effective framework to utilize artificial intelligence to
operate a mapping process by computing all possible suit-
able features across all sub-healthy people. The mapping
process would use association rules for the joining and the
pruning phases by reducing the number of candidates of
sub-healthy people before using classification algorithms
for support counting. Sub-healthy people could also view
the candidates related to them anytime and then decide
whether the process could continue to move on to the next
step. This research applies artificial intelligence to the pro-
posed collaborative framework of long-term care to solve
the issues of finding suitable features and adjusting human
variability dynamically based on the features of sub-healthy
people.
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III. RESEARCH METHODOLOGY
Existing frameworks for long-term care are still in the infancy
stage due to the difficulty of building collaborative frame-
works that can represent the characteristics suitable for cap-
turing relevant features dynamically. Therefore, there is great
potential to develop a new framework that could facilitate and
guide the design of an effective long-term care system. The
proposed collaboration is not to fail to provide or connect the
health care workers from care agencies or hospitals by replac-
ing the current long-term care system, oppositely, the novel
method is trying to support the current system to solve the
issues of insufficient manpower and spiritual loneliness.

A. THE PROPOSED FRAMEWORK
Physiology is the study of the functions and mechanisms
of human body systems such as the respiratory, muscular,
cardiovascular, and skeletal systems, which are underpinned
by the concept of homeostasis [11]. The study identifies
the physiological components to be abstract and measurable
functions. For example, sub-healthy people may use sensors
(e.g., wearable devices) or mobile phones that can measure
their physiological data, such as heart rate, body temperature,
oxygen saturation, and blood pressure [12]. In case of an
emergency, such as a fall or a heart problem, wearable devices
can automatically report their health condition to doctors,
caregivers, or families. Some sensors through a smart home
design could be useful to assist older people to remain in
their home and extend independence [13]. In addition, peo-
ple can share the information recorded by the devices with
their friends, or post them on social media through social
networking applications [12]. Therefore, physiology is one
of several important features to be included while building a
collaborative framework [14].

Assessing risk levels is an important process during diag-
nosis, treatment, and rehabilitation. Because of the complex-
ity and seriousness of the consequences of a risk, it is critical
that not only hospitals but also some government depart-
ments implement sound risk management mechanisms that
can provide timely warning or macro administration such as
levels of dependence. The risk levels in this study implies that
dynamic environment context or interactions with others such
as falls. Falls are significant concerns across the residential
aged care sector, with half of the older population falling
annually [15], [16]. Although fall prevention in RAC may
enable sub-healthy people to maintain their independence,
enhance their wellbeing, and sustain their quality of life.
Family members or caregivers may only contact sub-healthy
people frequently through mobile phones out of concern
when they are enjoying outdoor activities, but it is difficult
for caregivers to be fully aware of their current contexts for
fall prevention [17]. In Taiwan, we usually use the Barthel
score,2 which can be categorized into several levels, as a mea-
surement index for the risk levels from the Ministry of Health

2https://en.wikipedia.org/wiki/Barthel_scale

and Welfare.3 The risk levels are also one of the important
features to be included when building a collaborative frame-
work because it can help identify, assess, analyze andmitigate
potential risks [18]. The risk levels can be categorized into
four levels: low, moderate, high, and very high [19].

Medical records are the systematic documentation of a
single patient’s medical history, including details such as
chronic disease and surgical reports [5], [6], [8], [9]. Medical
records are sometimes regarded as staticmanagement of signs
and symptoms such as heart failure reports [20]. This study
focuses on sub-healthy people who are under RAC and can
collaborate with some active and energetic people. To achieve
the identification of the suitable features, medical records are
one of the more important factors because such information
(e.g., pathology, radiology, and endoscopy) could provide
cues to prevent infection or improper eating habits related to
chronic diseases such as diabetes. Features selection should
be assigned according to similar characteristics, such as med-
ical records, and patients need to be able to selectively interact
within a good mutual collaboration [21]. Some older people
may prefer to manage their health as if they have the chronic
disease because of the higher level of interaction or empathy
they receive.

Demography is the statistical study of populations such as
education, nationality, religion, and ethnicity. A good mutual
collaboration should have participants from similar back-
grounds and common interests, which may have cues from
characteristics such as education, nationality, and religion.
Therefore, demography corresponds to detailed background
information. Although there may be some serious misgivings
about the adequacies of this mutual collaboration since it not
only considers the features themselves but instead can cover
whole societies or groups defined by criteria in order to offer
optimized services based on the decentralized system.

The proposed collaborative framework (Figure 2) defines
the process for long-term care, including factors of suitability,
long-term care application, and artificial intelligence tech-
nology. Data on the risk levels, physiology, medical records,
and demography are collected to check the suitability of
the sub-healthy people. The suitability information must be
represented in a structured, uniform, and interchangeable for-
mat. The long-term care application is a process of logically
selecting and integrating information that is relevant only to
long-term care and transferring that data as transformed by
the computing process to become meaningful information.
The artificial intelligence technology provides more accurate
services encapsulated in the form of a dynamic network that
allows all users to interact with it through different methods,
such as association rules and classification algorithms. The
proposed framework of this study aims to facilitate the system
by allowing designers or programmers that could devote their
time to meeting some requirements, rather than dealing with
more standard details of providing some working systems,
thereby improving overall time for development.

3https://www.mohw.gov.tw/np-108-2.html
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FIGURE 2. The collaborative framework for long-term care.

Existing frameworks create a cooperative platform with
human resource agencies that provide long-term care. These
agencies may provide information on the availability of care-
takers in advance to provide a ‘‘window period’’ if they are
not ready to receive a patient or a task related to them. How-
ever, few studies combine artificial intelligence technologies
and long-term care together with the integration of suitability
and older people [22]. In addition, existing methods retain
some issues of insufficient suitability after applying artificial
intelligence applications into the collaborative platform [23].
In RAC, although an ideal collaborative framework should
try to put relevant factors as much as possible, the proposed
framework still has some limitations. Current caregivers in
the long-term care system should pass some professional
training, but the proposed framework cannot reveal this part.
In addition, we still cannot ignore the importance of face-to-
face interaction for a health assessment, even we apply arti-
ficial intelligence into the framework to increase the ability
of self-learning to lead to better performance of the system.
In sum, the proposed solution is based on a dynamically
changeable context to involve relevant factors, which can be
grouped into the suitability. In addition, the framework can be
used for different kinds of long-term care applications, such
as mobile agent systems. Importantly, the proposed adaptive
service will automatically respond to sub-healthy people.

B. THE ALGORITHM TO LONG-TERM CARE
The proposed algorithm is referred to as the Apriori algo-
rithm. This algorithm is one of themost popular methods used
for mining frequent items through a transactional process.
The algorithm uses multiple-pass and generation-and-test
frameworks to comprise the phases of joining and the pruning

TABLE 1. The steps of the algorithm.

for improving the number of candidates before scanning the
dataset for support counting [24] (Table 1).

The algorithm of the collaborative framework demon-
strates the initialization of parameters from older people,
setting up supporting groups such as threshold requirement,
computing confidence to let the system operate effectively,
and adding collaboration to let the systems adjust dynami-
cally.

The Algorithm of the Collaborative Framework
Require: Initialization of parameters: getRecords, getOld-
erPeoplelD
Set up support groups:
for support (index← threshold)
groups (getOlderPeoplelD) ← records (getOlderPeo-

plelD)
end for
Compute confidence:
for confidence (index >= threshold)
confidence (getOlderPeoplelD) ← groups (getOlder-

PeoplelD)
end for
Build collaboration:
if probability (candidate (getOlderPeoplelD)) >= proba-
bility (confidence (getOlderPeoplelD)) then
collaboration (getOlderPeoplelD)←

candidate (getOlderPeoplelD)
end if

C. THE RESEARCH MODEL
This study follows the proposed research framework of suit-
ability, which provides practical guidelines for building an
innovative research model and an effective manner to solve
a problem in this field. Based on extant approaches and
their limitations, this model not only integrates different data
from diverse features but also considers utilizing artificial
intelligence to increase accuracy dynamically.

One of the research questions was to identify factors rel-
evant to building an effective collaborative framework for
long-term care. User perceptions such as perceived ease of
use, perceived usefulness, user satisfaction, and user intention
are popular for evaluating a system or framework [25], [26].
Perceived usefulness is measured by how much a potential
user thinks a system will help them enhance their daily per-
formance. Even if potential users believe that the system or
framework is useful, they may simultaneously feel that the
system or framework is too difficult to use and that the benefit
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FIGURE 3. The research model.

in usage is outweighed by the effort of using the system; this
is called perceived ease of use [25], [26]. Therefore, to return
to answer the first research question (RQ1), I have made the
hypothesis that in order for it to be considered to be suitable,
the proposed framework must include the risk levels, physiol-
ogy, medical records, and demography to improve the users’
(a) perceived usefulness, (b) ease of use, (c) satisfaction, and
(d) need for and intention to use long-term care.

The research model described uses machine learning algo-
rithms, such as support vector machines (SVMs) to deal with
any challenges involved in learning orientation [27]. SVMs
are widely-used powerful algorithms that consider empirical
error and structural risk minimization [28], [29]. The random
forest algorithm is suited if there are many classification trees
without overfitting problems, for it classifies a new object
from an input vector, and puts the input vector down each
tree in the forest [29]. Therefore, this study uses association
rule by finding frequent features and then building classifica-
tion methods of sub-healthy people to create a collaborative
model. This study aims to address the problem of finding out
suitable features and adjusting human variability dynamically
based on the features of sub-healthy people. The research
model is depicted in Figure 3.

In the research model, the features of sub-healthy peo-
ple include the risk levels, physiology, medical record,
and demography, which have their domain knowledge and
can form a long-term collaboration structure. This research
model, combined with the proposed framework addresses
the research questions of suitability and human variability of
sub-healthy people. To return to the second research question
(RQ2), the second hypothesis examines whether the accuracy
of the best classification model is higher than the collabora-
tion without the association rules. The next section conducts
a design of experiments based on association rules and classi-
fication algorithms by using a set of sub-healthy people who
have different features to accomplish certain goals or tasks in
a given setting.

IV. EXPERIMENTAL DESIGN
This study adopts quantitative methods to measure two
hypotheses. The first hypothesis is to examine user percep-
tions of the proposed framework. The independent variable
is the proposed framework, which includes the risk levels,
physiology, medical record, and demography components.
Dependent variables include perceived ease of use, per-
ceived usefulness, user satisfaction, and user intention to use.
The second hypothesis is to examine whether the accuracy
of the best classification model is higher than the collabora-
tion without the association rules. Therefore, the independent
variable is the level of the association rules used in a collab-
orative framework, which is operationalized by two levels:
using the association rules and not using it. The dependent
variable is the accuracy of the suitability, which is associated
with the second research question.

The different components of the experiment are the risk
levels, physiology, medical record, demography, and a cross-
section of people who belong to different groups. It is impor-
tant to ensure that the members of the groups selected con-
tain all the features needed to accomplish the next tasks in
this given setting. This sample data is used in the exper-
iment for checking users’ suitability randomly, as well as
for eliciting users’ volatility on system design. Therefore,
it offers great potential for developing a new framework that
could facilitate and guide the design of an effective long-term
care system.

A. ASSOCIATION RULES
The suitability data of the sub-heathy people are shown
in Table 1. Therefore, it offers great potential for developing
a new framework that could facilitate and guide the design of
an effective long-term care system.

As shown in Table 2, data on sub-healthy people have
a variety of combinations that determine whether they are
suitable for the mapping process. The mapping process of
sub-healthy people is shown in Figure 4. The Apriori algo-
rithm mines all the features in collaborative people, where
each person Si contains a set of people called collaborative
people. The collaborative people consist of ‘‘s’’ users and
are called the s-users and its length is s. The left table in
the figure called Cs represents the candidate users of length
s. The right table in the figure called Ls is frequent if its
support, which is at least specified minimum support: the
number is two. In the first phase, Cs is generated by joining
Ls-1 through the Apriori algorithm, and then counts supports
of the Cs. The purpose is to determine the scanning of the
dataset based on s-th of Ls. This algorithm fails towards the
end when there is no Cs. For the second phase, the table is
used for arranging Cs with support counting. The candidate
could continue pruning for sub-healthy people by using the
downward closure property. It is effective for the user if
the length is larger than number two, and then it can begin
in the third phase.
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TABLE 2. The suitability data of sub-healthy people.

If the confidence of probability is set to 80%, then the result
of the mapping process would be S1→ S2, S1→ S3, etc.
as shown in Figure 4. According to the features of related
association rules, the two candidates for sub-healthy people
could be combined into one dataset for further classification
analysis of their features.

FIGURE 4. The mapping process of sub-healthy people.

B. CLASSIFICATION MODELS
The set of relevant features of sub-healthy people include
the users numbered in sequence RL1, Phy1, MR1, Dem1,
RL2, Phy2, MR2, and Dem2, which are (2, 1, 2, 2, 2,
3, 1, 3) and shows the risk levels, physiology, medical record,
and demography of the first and second candidate, respec-
tively. The dataset of the suitability based on the result of the
mapping process is shown in Table 3.

TABLE 3. The mapping process of sub-healthy people.

In the classification algorithm, the evaluated output
includes true positive (TP), true negative (TN), false positive
(FP), and false negative (FN), which are based on the results
of classifiers with observations of candidates. The terms of
the positive and negative could indicate the prediction of the
classifier, and the terms of the true and false could refer to
whether the prediction could correspond to the observation.
In Figure 5, TP indicates collaborations correctly identified
as having suitability; TN shows that observations without
collaboration are correctly identified as not having suitabil-
ity; FP represents that observations without collaboration are
incorrectly identified as having suitability; FN means that
observations with collaboration are incorrectly identified as
not having suitability. The accuracy is the number of correct
predictions divided by the total number of predictions (i.e.,
accuracy = (TP + TN) / (TP + TN + FP + FN)).

FIGURE 5. Accuracy of classification algorithms.

This study uses the classification algorithms, SVMs, ran-
dom forests, logistic, and multi-layer progression (MLP),
with 10-fold cross-validation to obtain the accuracy of the
suitability prediction of collaboration. For example, the first
candidate is randomly partitioned into ten equal subsamples
with 10-fold cross-validation. A subsample is retained as the
validation data for testing, and the remaining subsamples are
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regarded as training data. All observations are set for both
training and testing, and each observation can be used exactly
once for validation. Those algorithms are chosen because
they are popular machine learning algorithms and have been
widely used. The accuracies of classification algorithms are
60%, 70%, 50%, and 40% using random forests, SVMs,
logistic, andMLP, respectively. The SVMs achieves the high-
est accuracy.

A prototype system of long-term care (Figure 6) was
developed by using the Android Studio software, which was
using Java programming and Android SDK. Based on the
mobile application services (APPs) type, participants could
have a specific way to understand the proposed framework,
which includes the risk levels, physiology, medical record,
and demography. In order to evaluate the first hypothesis
effectively, 68 participants participated in the online survey to
do the questionnaire that whether or not the proposed frame-
work will improve users’ (a) perceived usefulness, (b) ease
of use, (c) satisfaction, and (d) intention to use of long-term
care. Participants were not selected based on certain demo-
graphics. All participants were over 18 years old. Among
them, 37 participants were under 30 years old, 17 were
between 31-40 years old, and 14 participants were more
than 40 years old. 32 participants were female. A five-point
Likert scale [30] was used to measure the survey questions,
with the number one indicating ‘‘strongly disagree,’’ the num-
ber five indicating ‘‘strongly agree,’’ and the number three
indicating ‘‘neutral.’’

FIGURE 6. The prototype system of long-term care.

C. RESULTS
To test the first hypothesis, the Cronbach’s Alphas for the
user perception was 0.794, which reveals that the consistency
of the questionnaire is reliable. To test the first hypothesis,
the one-sample t-test is used to evaluate whether the average
user perception is equal to three (indicating neutral), which is
the middle value of the five-point Likert scale [31]. Results
of one-sample t-test analysis on user perception reveal sig-

nificant differences between using the suitability including
the risk levels, physiology, medical record, and demography
on the proposed framework compared to not using the suit-
ability. If the output of the one-sample t-test significantly
exceeds three, the user could be satisfied with the proposed
framework. The main effects of perceived usefulness (mean
difference = 1.39, p < 0.01), perceived ease of use (mean
difference = 1.43, p < 0.01), user satisfaction (mean dif-
ference = 0.85, p < 0.01), and user intention to use (mean
difference = 1.23, p < 0.01) are significant. The user per-
ception is significantly higher when using the suitability as
part of the proposed framework when compared to not using
it (Figure 7). Therefore, the first hypothesis is supported.

FIGURE 7. Means of user perceptions of the proposed framework.

To test the second hypothesis, the collaboration is built ran-
domly as usual ten times and the mean of SVMs is compared
to 70%, which is created by the association rules. The result
of the one-sample t-test analysis on the comparison between
using and not using the rule reveals significant differences.
The main effect of the association rules based on the research
model (mean difference = −14, p < 0.01) is significant.
The accuracy of the best classification model (SVMs) is
higher than the collaboration without the association rules.
Therefore, the second hypothesis is supported.

V. CONCLUSION
This study has made several significant contributions to col-
lecting and using data on long-term care. First, it has shown
that existing collaborative frameworks for long-term care
mainly focus on specific needs through centralized agen-
cies that match home care workers and sub-healthy people.
However, this method only considers the cost of their care-
givers and cannot solve the issue of insufficient workers to
determine suitable features relevant to the effective collab-
orative framework of long-term care. This paper proposes a
new framework with all possible features of the suitability
across all sub-healthy people and can solve the first research
question. Second, the proposed framework applies artificial
intelligence to solve the issues of adjusting data on human
variability features of sub-healthy people dynamically, thus
addressing the second research question. Third, this study
applies association rules to long-term care. To the best of
our information, this is the first study in the field that offers
an applicable algorithm while building the mapping process.
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In order to refine the result and properly address the human
variability issue, this research builds classification models
using random forests, SVMs, logistic, and MLP.

There are few limitations to this study. First, the current
mapping process was based on small samples and all users did
not respond to long-term care immediately. So it is necessary
to perform more studies with larger samples of sub-healthy
people. Therefore, we were unable to get the best accuracy
from the collaboration. In the future, it is worth enlarging
data to overcome the limitation regarding the accuracy of the
classification results. Second, regarding relevant features cat-
egorized on the suitability, the detailed sub-items (e.g., phys-
iology 1, 2, and 3) are not incorporated in the description of
experimental design due to privacy issues. To guide practical
insights into a long-term care system, the sub-items category
with detailed descriptions should be identified clearly and
the issue of revealing the information needs to be solved.
The research of the collaborative framework for sub-healthy
people is still in a preliminary stage, and this study offers a
referential direction to further research.

ACKNOWLEDGMENT
This work was supported by the Ministry of Science
and Technology, Taiwan, under Grant MOST 108-2410-
H-033-002.

REFERENCES
[1] H. Zhao, W.-H. Xiong, X. Zhao, L.-M. Wang, and J.-X. Chen, ‘‘Devel-

opment and evaluation of a traditional chinese medicine syndrome ques-
tionnaire for measuring sub-optimal health status in china,’’ J. Traditional
Chin. Med., vol. 32, no. 2, pp. 129–136, Jun. 2012.

[2] G. Li, F. Xie, S. Yan, X. Hu, B. Jin, J. Wang, J. Wu, D. Yin, and Q. Xie,
‘‘Subhealth: Definition, criteria for diagnosis and potential prevalence in
the central region of china,’’ BMC Public Health, vol. 13, no. 1, p. 446,
May 2013.

[3] D. Pal, T. Triyason, S. Funilkul, and W. Chutimaskul, ‘‘Smart homes and
quality of life for the elderly: Perspective of competing models,’’ IEEE
Access, vol. 6, pp. 8109–8122, 2018.

[4] H.-H. Wang and S.-F. Tsay, ‘‘Elderly and long-term care trends and policy
in taiwan: Challenges and opportunities for health care professionals,’’
Kaohsiung J. Med. Sci., vol. 28, no. 9, pp. 465–469, Sep. 2012.

[5] L. K. Bragstad, M. Kirkevold, D. Hofoss, and C. Foss, ‘‘Factors predicting
a successful post-discharge outcome for individuals aged 80 years and
over,’’ Int. J. Integr. Care, vol. 12, no. 1, p. 12, Feb. 2012.

[6] S. G. Parker, S. M. Peet, A. McPherson, A. M. Cannaby, K. Abrams,
R. Baker,A. Wilson, J. Lindesay, G. Parker, and D. R. Jones, ‘‘A system-
atic review of discharge arrangements for older people,’’ Health Technol.
Assessment, vol. 6, no. 4, pp. 1–183, 2002.

[7] M. J. S. Shepperd and P. CO, ‘‘Discharge planning from hospital to home,’’
Cochrane Database Syst. Rev., vol. 1, p. 1, Jan. 2013.

[8] L. Zhang, G.-J. Ahn, and B.-T. Chu, ‘‘A role-based delegation framework
for healthcare information systems,’’ in Proc. 7th ACM Symp. Access
Control Models Technol., Monterey, CA, USA, Jun. 2002, pp. 125–134.

[9] F. A. Khan, A. Ali, H. Abbas, and N. A. H. Haldar, ‘‘A cloud-based health-
care framework for security and Patients’ data privacy using wireless body
area networks,’’ Procedia Comput. Sci., vol. 34, pp. 511–517, Jan. 2014.

[10] V. K. Omachonu and G. N. Einspruch, ‘‘Innovation in healthcare deliv-
ery systems: A conceptual framework,’’ Innov. J., Public Sector Innov.
J., vol. 15, no. 1, pp. 1–20, 2010.

[11] P. Gogalniceanu, E. F. O’Connor, and A. Raftery, ‘‘Undergraduate
anatomy teaching in the UK,’’ Bull. Roy. College Surgeons England,
vol. 91, no. 3, pp. 102–106, Mar. 2009.

[12] A. Toninelli, R. Montanari, and A. Corradi, ‘‘Enabling secure service dis-
covery in mobile healthcare enterprise networks,’’ IEEE Wireless Com-
mun., vol. 16, no. 3, pp. 24–32, Jun. 2009.

[13] G. Dermody and R. Fritz, ‘‘A conceptual framework for clinicians working
with artificial intelligence and health-assistive smart homes,’’ Nursing
Inquiry, vol. 26, no. 1, Nov. 2018, Art. no. e12267.

[14] K. Zhang, K. Yang, X. Liang, Z. Su, X. Shen, and H. H. Luo, ‘‘Security
and privacy for mobile healthcare networks: From a quality of protec-
tion perspective,’’ IEEE Wireless Commun., vol. 22, no. 4, pp. 104–112,
Aug. 2015.

[15] E. Burland, P. Martens, M. Brownell, M. Doupe, and D. Fuchs, ‘‘The eval-
uation of a fall management program in a nursing home population,’’
Gerontologist, vol. 53, no. 5, pp. 828–838, Jan. 2013.

[16] B. Haralambous, T. P. Haines, K. Hill, K. Moore, J. Nitz, andA. Robinson,
‘‘A protocol for an individualised, facilitated and sustainable approach to
implementing current evidence in preventing falls in residential aged care
facilities,’’ BMC Geriatrics, vol. 10, no. 1, Feb. 2010.

[17] J.-H. Lee, H.-J. Park, and S.-C. Kim, ‘‘Mobile phone based falling detec-
tion sensor and computer-aided algorithm for elderly people,’’ MATEC
Web Conf., vol. 42, Feb. 2016, Art. no. 02004.

[18] S. Hignett and L. McAtamney, ‘‘Rapid entire body assessment (REBA),’’
Appl. Ergonom., vol. 31, pp. 201–205, Apr. 2000.

[19] L. McAtamney and E. Nigel Corlett, ‘‘RULA: A survey method for the
investigation of work-related upper limb disorders,’’ Appl. Ergonom.,
vol. 24, no. 2, pp. 91–99, Apr. 1993.

[20] B. Jin, C. Che, Z. Liu, S. Zhang, X. Yin, and X. Wei, ‘‘Predicting the risk
of heart failure with EHR sequential data modeling,’’ IEEE Access, vol. 6,
pp. 9256–9261, 2018.

[21] Z. Wu, M. S. Kim, J. B. Broad, X. Zhang, K. Bloomfield, and
M. J. Connolly, ‘‘Association between post-discharge secondary care
and risk of repeated hospital presentation, entry into long-term care
and mortality in older people after acute hospitalization,’’ Geriatrics
Gerontology Int., vol. 19, no. 10, pp. 1048–1053, Sep. 2019.

[22] V. Kopytko, L. Shevchuk, L. Yankovska, Z. Semchuk, and R. Strilchuk,
‘‘Smart home and artificial intelligence as environment for the imple-
mentation of new technologies,’’ Path Sci., vol. 4, no. 9, pp. 2007–2012,
Sep. 2018.

[23] G. Sprint, D. J. Cook, and M. Schmitter-Edgecombe, ‘‘Unsupervised
detection and analysis of changes in everyday physical activity data,’’
J. Biomed. Informat., vol. 63, pp. 54–65, Oct. 2016.

[24] R. Agrawal andR. Srikant, ‘‘Fast algorithms formining association rules in
large databases,’’ in Proc. 20th Int. Conf. Very Large Data Bases, Santiago,
Chile, Sep. 1994, pp. 487–499.

[25] R. Radner and M. Rothschild, ‘‘On the allocation of effort,’’
J. Econ. Theory, vol. 10, pp. 358–376, Jun. 1975.

[26] F. D. Davis, ‘‘Perceived usefulness, perceived ease of use, and user accep-
tance of information technology,’’ MIS Quart., vol. 13, no. 3, p. 319,
Sep. 1989.

[27] A. Krause, A. Smailagic, and D. P. Siewiorek, ‘‘Context-aware mobile
computing: Learning context-dependent personal preferences from a
wearable sensor array,’’ IEEE Trans. Mobile Comput., vol. 5, no. 2,
pp. 113–127, Feb. 2006.

[28] B. A. M. V. Frénay, ‘‘Using SVMs with randomised feature spaces:
An extreme learning approach,’’ in Proc. Comput. Intell. Mach. Learn.,
Bruges, Belgium, 2010, pp. 315–320.

[29] E. Kremic and A. Subasi, ‘‘Performance of random forest and SVM in face
recognition,’’ Int. Arab J. Inf. Technol., vol. 13, no. 2, pp. 287–293. 2016.

[30] J. R. Lewis, ‘‘IBM computer usability satisfaction questionnaires: Psycho-
metric evaluation and instructions for use,’’ Int. J. Hum.-Comput. Interact.,
vol. 7, no. 1, pp. 57–78, Jan. 1995.

[31] D.-N. Chen, P. J.-H. Hu, Y.-R. Kuo, and T.-P. Liang, ‘‘A Web-based per-
sonalized recommendation system for mobile phone selection: Design,
implementation, and evaluation,’’ Expert Syst. Appl., vol. 37, no. 12,
pp. 8201–8210, Dec. 2010.

HSIEN-MING CHOU received the Ph.D. degree
in information systems from the University of
Maryland, Baltimore, USA. He is currently
an Assistant Professor with the Department of
Information Management, Chung Yuan Christian
University, Taiwan. His current research inter-
ests include artificial intelligence applications,
context-aware mobile computing, the Internet of
Things, and financial technology.

43664 VOLUME 8, 2020


	INTRODUCTION
	LITERATURE REVIEW
	RESEARCH METHODOLOGY
	THE PROPOSED FRAMEWORK
	THE ALGORITHM TO LONG-TERM CARE
	THE RESEARCH MODEL

	EXPERIMENTAL DESIGN
	ASSOCIATION RULES
	CLASSIFICATION MODELS
	RESULTS

	CONCLUSION
	REFERENCES
	Biographies
	HSIEN-MING CHOU


