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User Profile in Smart Elderly Care Community:
Findings from Community
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Abstract: With the increase in the aging population, the need for elderly care services has diversi-

fied, and smart elderly care has become an effective measure to cope with this increasing aging pop-

ulation. Based on the data from the platform “Guan Hu Tong” of RQ Company in the community

of Shaanxi Province in western China, this study mined the data of smart elderly care services

through the recency, frequency and monetary value (RFM) model and the backpropagation (BP)

neural network model, constructed the user profile of the elderly, and predicted users’ practical

demands. The following conclusions were drawn: The oldest users are important target users of

smart elderly care service platforms; Elderly women living alone rely more on smart elderly care ser-

vices; Meal delivery and health follow-up services are the most popular among elderly users.
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1 Introduction

Population aging is a significant demographic
issue in the 21st century. According to the World
Bank, in 2020, the world’s population aged 65
and over exceeded 700 million. The figure from
the National Health Commission (NHC) of the
People ’s Republic of China (PRC) shows that
the number of people aged 60 and over has
reached 267 million, accounting for 18.9% of the
total population, and the number of those aged
65 and over has exceeded 200 million, account-
ing for 14.2% of the total [1]. Before the 21st cen-
tury, some developed countries had entered the
aging process; consequently at the forefront of

the aging phenomenon. At the outset of the 21st
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century, China has just become an aging society,
but the aging process is progressing more rapidly
than in other countries [2]. It is predicted that
China will enter a phase of moderate aging
between 2021 — 2025, and severe aging around
2035. With the ever-increasing and diversified
needs of the elderly, the traditional eldercare
model can no longer meet the rapidly growing
and diversified eldercare needs. China is experi-
encing enormous pressure from its aging popula-
tion [3].

embarked on a new model of digital, intelligent

The smart elderly care industry has

and precise elderly care services. In the new era
of information and intelligence, it is essential to
provide accurate and considerate elderly care ser-
vices through information technology and data
systems for elderly service management. Realize
model optimization and technology upgrading of
the intelligent smart elderly care industry. It also
provides new methods for improving the service
experience of the elderly and address the imbal-
ance of supply and demand of services [4—6].
Smart elderly care was first proposed by the
UK Life Trust. It refers to the use of modern sci-
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ence and technology, such as information tech-
nology, to support the elderly in daily living,
safety, medical care, entertainment, learning, and
other aspects by helping them readily detect and
deal with health-related issues. Smart elderly
care aims to establish friendly, helpful, and per-
sonalized intelligent interactions between technol-
ogy and the elderly so that they can live happier,
more dignified, and valuable lives. Since China
has become an aging society relatively late com-
pared to other countries, the Chinese smart
elderly care industry is in its infancy [7]. It is
important to build a smart elderly care service
platform in China [8]. As currently, the services
are mostly limited to daily care and health care.
Therefore, studying the specific needs of the
elderly is key to providing adequate services for
dealing with rapid aging and solving the supply-
demand issues in caring for the elderly.
Presently, China’s research on the specific needs
of the elderly primarily focuses on subjective
needs, using questionnaires and interviews. For
example, Zuo and Lei divided user needs into five
different aspects, based on Maslow’s hierarchy of
needs, and then summarized the demand model
of the services for the elderly and obtained infor-
mation about the needs of different services
through questionnaires [9]. Bai and Zhu ana-
lyzed the factors affecting the demand for smart
elderly care services in Jianghan District,
Wubhan, through questionnaires [10]. However,
the subjective reports of elderly people often do
not accurately reflect the demand for elderly care
services. Therefore, demand for elderly care ser-
vices cannot be analyzed only through subjective
reports and should also be analyzed using objec-
tive data [11]. This study analyzed data on the
use of elderly care services to obtain information
on the needs of elderly people.

As tools to realize accurate information, user
profiles have been widely used in libraries, e-com-
merce, healthcare, tourism management, preci-
sion marketing, and other fields in recent years.

For example, Li and Chen built user profiles by

collecting user data on WeChat to help mar-
keters improve product quality and user experi-
ence [12]. Yang built user profiles according to
their web browsing behavior for user identifica-
tion [13]. Han and Chen proposed a novel
method for acquiring ontology-based user pro-
files to maintain representations of personal
interests [14]. Li and Zhao identified the poten-
tial value of users through the frequency and
monetary value (RFM) model and built user
profiles to improve marketing accuracy [15]. Rele-
vant studies have shown that building user pro-
files improves understanding of user needs and
helps realize personalized and accurate informa-
tion services [16]. User profiles are divided into
different genres. Ontology-based user profiles are
more effective for understanding specific mean-
ings contained in information sources, semantic
expression abilities, and logical reasoning [17].
Current wuser profiles method has been very
mature, mainly by selecting the indicator system,
then obtaining the data of each indicator and
using clustering, neural network and other classi-
fication methods to obtain different categories of
the indicator set. Although current studies on
user profiles are extensive and scholars have built
different user profiles for different user groups,
there is less research on building user profiles for
the elderly. As the smart elderly care platform
collects basic user information and usage statis-
tics data, this study tried to build a community
elderly user profile using an ontology-based user
profile. User value tags are determined by RFM
models as well as backpropagation (BP) neural
networks for classification, to help the platform
accurately match the needs and recommenda-
tions of the smart elderly care service.

Combined with previous studies of smart
elderly care and the extensive application of user
profiles in service matching and recommendation,
this study used data from the “Guan Hu Tong”
platform of RQ company in Shaanxi to refine the
category tags of user value based on the RFM

model. Subsequently, a BP neural network model
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was used to obtain users’ real demand tags with
high matching. Finally, user profiles were built in
a smart elderly care community platform to
improve the recommendation accuracy of elderly
care services. The data collection area was the
Nansha community service station of the RQ
Company in Xi’an, Shaanxi Province. The Nan-
sha community is located in the Beilin District.
According to data from The Seventh National
Population Census, the proportion of the popula-
tion aged 60 and over in Shaanxi Province and
Xi’an City was 19.20% and 16.02%, respectively
[18]. The proportion of the population aged 60
years and over in the Beilin District was 20.19%,
which exceeded the national average [19]. In
addition, the elderly care industry in Beilin has
developed rapidly and is leading the develop-
ment of smart elderly care service platforms.
Therefore, data from the Nansha community ser-
vice station in Beilin District are highly represen-
tative.

The main contributions of this study are as
follows. First, it builds user profiles for elderly
users, which is crucial for understanding their
real needs and accurately recommending appro-
priate services for them. Second, this study dis-
tinguishes itself from traditional surveys on
elderly people and understands their real needs
based on actual service usage. Third, this study
trains the real demand classification model
through a neural network algorithm, which can
predict the real service needs of elderly users
based on their basic information.

The structure of this paper is as follows. Sec-
tion 1 introduces the study’s research purpose.
Section 2 describes the models and research pro-
cedures used in this study. Section 3 discusses
the data obtained and the results of using the
models and analyzes and discusses the results.

Section 4 summarizes the main contents of this

paper.

2 Methodology

This section introduces the RFM model used to

build user value tags and the BP neural network
model used for user-service matching. The RFM
model is an evaluation tool that employs users’
recent consumption information to evaluate user
value; it can measure user value from multiple
aspects. In this study, RFM models are used to
obtain a simple value evaluation of elderly users,
which is then used to build user value tags for
user profiles. As a traditional neural network
algorithm, the BP neural network model has a
rich theoretical foundation and practical applica-
tions. In addition, it exhibits excellent adaptabil-
ity to classification problems. In this study, the
BP neural network model was used to match the
actual service needs of elderly users. The research
procedure of this study is introduced at the end

of this section.

2.1 RFM Model

Users are important resources and lifelines of var-
ious enterprises with behavioral trajectories and
consumption characteristics. User lifetime value
refers to the value created by users for the enter-
prise throughout the process of contact with the
enterprise. Typical user lifetime values include
the investigation, formative, stable, and reces-
sion periods [20].

The first step in building user profiles is to
choose a user tag. This study used the RFM
model to build a user value tag as an important
tag in the user profile. The first step involves the
preliminary grouping of elderly users in terms of
building a user classification system according to
whether the indicator value is greater than the
indicator mean value. Next, the user value tag of
each user is visually displayed to provide a
strategic reference for smart elderly care service
platforms to target users. Recency refers to the
latest consumption behavior of a user, that is,
the user’s latest purchase of a product or service.
The more recent the last consumption time, the
stronger the reaction to the instant goods or ser-
vices provided with a relatively high value. Fre-
quency refers to the number of times users con-

sume within a certain period. The higher the
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user’s consumption frequency, the higher their
satisfaction with the product and the higher their
loyalty. Monetary value refers to the user’s con-
sumption amount, which is the most intuitive
manifestation of the user’s value; the higher the
consumption amount, the higher the profit for
the company [21]. Recency, frequency, and mone-
tary value are divided into two categories, as
shown in Tab. 1.

Each indicator is divided into two user cate-
gories, and all platform users can be divided into
eight categories with different user values. The
user classification system has a three-dimen-

sional structure, as shown in Fig. 1.

Users can be divided into eight categories:
important valuable, general valuable, important
developable, general developable, important main-
tainable, general maintainable, important retai-

ned, and general retained [22].

Tab. 1 Initial user grouping

RFM model indicator User grouping

Active user

R
Silent user
Loyal user
F
Developable user
M High-contributing user

Low-contributing user

__________

, '*“:‘: Important valuable users

Fig. 1 User classification system

2.2 BP Neural Network Model

The BP neural network model is based on the
backpropagation training algorithm, which was
first proposed by Paul Werbos of Harvard Uni-
versity in 1974 [23]. He proposed that artificial
neural networks could be trained through the
backpropagation of errors to solve the minimum
error of the feedforward neural network between
the actual output and the expected output. The
BP neural network model uses error backpropa-
gation to compensate for the error of the net-
work training process to the neural network. The
basic concept of the algorithm is gradient
descent. Through error feedback, the threshold
and weight are constantly adjusted to minimize
the loss function. Finally, a neural network model
is obtained whose output continuously approxi-
mates the real value [24, 25].

The specific structure of the BP neural net-

work model consists of two parts: the forward
propagation signal and the backward propaga-
tion error. In the forward propagation signal, the
input layer in the training set is processed by the
hidden layer to obtain the output layer. During
propagation, the output value of the previous
layer only affects the next layer. If the output
result deviates from the expected result, the algo-
rithm will automatically transfer to the back-
propagation process [26], that is, adjust the
thresholds and weights of each layer of the net-
work according to the error, and propagate back-
ward along the forward propagation path. The
loss function of the BP neural network is mini-
mized through two-way repeated propagation for
sample training and parameter adjustment.
Fig. 2 shows the three-layer BP neural network
structure.

This BP neural network is a nonlinear map-
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Fig. 2 Three-layer BP neural network structure

ing function f: X — Y, when we set an input
layer {x,,x,,x5, - ,2,} and corresponding out-
put layer {4.,9», s, U, Us,Us} are given. The
weights on input and hidden layers are given as
k).
At the same time, the threshold values of the
hidden layer and the output layer are also given
as 0, =4{61,07---,0*y and 0,=1{06}020: 0,
03,65}, k is the number of nodes in the hidden
layer. Determine whether to carry out the back

w, = {wivwfa 7w;l} and w. :{wzlvwsa

propagation process by calculating the error ¢
between the output layer ¢ and the expected out-
put y. In hidden layer, the tansig function is

selected as activation function.

2

Additionally, the mean square error (MSE)
is selected as the loss function.

1y, )
B-13 @) @
j=1
For each training case (x,,y,), we obtained
his mean square error, and then the accumu-

lated mean square error on training set is given.

E=1YE 3

3 Data Processing and Analysis

3.1 Data Description
Data were collected from the “Guan Hu Tong”
smart elderly care service system developed by

RQ Company in Shaanxi Province. The data col-

lection area was the Nansha community service
station of the R(Q Company in Xi’an, Shaanxi
Province. In this study, data on 1 301 elderly ser-
vice orders were collected; eventually, informa-
tion from 590 users’ personal files was summa-
rized.

The data collected for the study contain no
private information, such as users’ names and
phone numbers. The researchers and units have
no conflicting interests. The researchers assure
that this data will only be used for academic
research. This study was approved by the Ethics
Committee of the Institute of Statistics of the
researchers’ organization.

3.1.1 Data Content

The data collection subject of this study was
smart elderly care service users in the Nansha
community, Beilin District, Xi’an City. The data
were collected from August 1, 2021, to October
31, 2021. The content includes:

1)Basic registration information given by
elderly users in service centers;

2) Relevant basic information provided by
elderly users when registering smart elderly care
accounts on platforms;

3) Elderly care service order data.

3.1.2 Service Content

The service data contain the order information of
six elderly care services, including bath aid, home
cleaning, physiotherapy, medical consultation,
health follow-up, and meal delivery services. The
details of these services are as follows.

1) Bath aid service: Staff helps the elderly
take a bath at home or at community service sta-
tion. After the bath, staff dry their hair and give
them a haircut (staff brings their own tools) .

2) Home cleaning service: Cleaners go to the
homes of the elderly to clean floors, walls, furni-
ture, and household appliances, organize house-
hold items, and perform other cleaning services.

3) Physiotherapy service: Physiotherapy per-
sonnel provide services for the elderly at home or
at community service station. Physiotherapy pro-

grams include acupuncture, moxibustion, mas-
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sage, and traditional manipulations.

4) Medical consultation service: Staff accom-
panies the elderly to hospitals for registration,
drug collection, consultation, and other medical
services.

5) Health follow-up service: Nurses visit the
elderly to measure blood pressure, heart rate,
blood sugar, and other health indicators and pro-
vide corresponding health management sugges-
tions.

6) Meal delivery service: Staff delivers meals
to the elderly at noon. The types of meals are
regularly changed to meet the health needs of
users (the staple food is rice on Mondays,
Wednesdays, and Fridays, and pasta on Tues-

days, Thursdays, and Saturdays) .

3.2 Descriptive Statistics
As shown in Tab. 2, the ratio of male to female
users receiving smart care services was 1:1.09,

which is relatively balanced.

Tab. 2  Gender situation of elderly users
Gender User grouping Percent (%)
Male 282 47.8
Female 308 52.2

In terms of age, 10 years was used as the
interval. The proportion of elderly users aged 70
to 79 accounted for 50.6%, followed by elderly
users aged 80-89, accounting for 32.4%. In con-
trast, the elderly under the age of 60 and over 90,
accounted for only 2.5% of the total smart

elderly care service users, as shown in Tab. 3.

Tab. 3 Age of elderly users

Age Percent (%)
50-59 2.4
60-69 14.5
70-79 50.6
80-89 32.4
Over 90 0.1

This study divided the living conditions of
elderly users into living alone, spouses living
together, and living with children. As shown in

Tab. 4, 31.9% of elderly users are reported living

alone. There was little difference between the
number of elderly people living with their chil-
dren and those living alone, while the proportion

of elderly users living with spouses was 37.9%.

Tab. 4 Residence of elderly users
Residence Number Percent (%)
Living alone 188 31.9
Spouses living together 224 37.9
Living with children 178 30.2

In terms of the physical condition of elderly
users, as shown in Tab. 5, 28.3% of elderly users
could take care of themselves, while 71.7% could
not. Considering that the physical condition of
elderly users is closely related to the effective-
ness of elderly care services, this study divided
the physical condition of elderly users into self-

care, need for care, partial disability, and disabil-

ity.

Tab. 5 Physical condition of elderly users
Physical condition Number Percent (%)
Disability 71 12.0
Partial disability 126 21.4

Need of care 226 38.3
Self-care 167 28.2

During the data collection period from
August 2021 to October 2021, the system
recorded 1 301 orders of information from 590
users, covering six smart elderly care services,
such as bath aid services, home cleaning services,
and physiotherapy services. Specific service types
and order quantities are shown in Fig. 3. Com-
bined with the user’s personal files, it is found
that meal delivery services and health follow-up
services are the two most used elderly services,
accounting for 35.6% and 34.8%, respectively.

The number of elderly service users is listed
in Tab. 6. Health follow-up service is the most
popular service, with 49.1% of elderly users
choosing this service. Although the proportion of
users who chose the meal delivery service is rela-
tively small, the average number of service orders

per user is higher.
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Tab. 6 Physical condition of elderly users

Type of service Number Percent (%)
Bath aid 23 3.9
Home cleaning 34 5.8
Physiotherapy 178 30.2
Medical consultation 37 6.3
Health follow-up 290 49.1
Meal delivery 132 22.4

From the perspective of each user receiving
the service, elderly users with the most orders
received a total of 51 services during the data
collection period, while the overall average num-

ber of uses per service was 2.2.
3.3 User Value Tags

Based on the characteristics of the data in this
study, the definitions of the indicators of the
RFM model are as follows:

R: The deadline for data collection is Octo-
ber 31, 2021, so the value of recency is the num-
ber of days until November 1, 2021, from the last
elderly care service.

F: Number of elderly care services received
from August 1, 2021, to October 31, 2021.

M: Spending on elderly care services from
August 1, 2021, to October 31, 2021.

Users whose recency indicator is greater than
the sample mean are identified as active users;
otherwise, they are silent users; users whose fre-
quency indicator is greater than the sample mean

are loyal users; otherwise, they are developable

users; users whose monetary indicator is greater
than the sample mean are identified as high-con-
tributing users; and otherwise, they are low-con-
tributing users. Therefore, each user can be
defined according to eight types of user value
tags: important valuable,

general valuable,

important developable, general developable,
important maintainable, general maintainable,
important retained, and general retained user.
That is, important valuable users are those
whose RFM values are all higher than the sam-
ple mean. General valuable users are users with
higher recency and frequency and lower mone-
tary value than the sample mean; important
developable users are users whose recency and
monetary value are higher than the sample mean
and whose frequency is lower than the sample
mean; general developable users have higher
recency and lower frequency and monetary value
than the sample mean; important maintainable
users refer to those whose frequency and mone-
tary value are higher than the sample mean but
whose recency is lower than the sample mean;
general maintainable users are those whose fre-
quency is higher than the sample mean and
recency and monetary value are lower than the
sample mean; important retained users have
higher monetary value and lower recency and fre-
quency than the sample mean; general retained
users’ recency, frequency, and monetary value are
all lower than the sample mean.

Among these groups, valuable users are key
to the continual maintenance of the platform.
They use services most frequently and are the
most loyal to the platform. General valuable and
important developable users are key develop-
ment targets for the platform. Although general
valuable users spend less, they use services more
frequently. Important developable users are
highly likely to become important valuable users.
The platform must focus on the above three

users.
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3.4 Real Demand Forecast

This study takes the gender, age, residence, and
health status of elderly users as the input layer,
and the output layer represents the real needs
tags of users. A three-layer BP neural network
model was built to predict the actual needs of
elderly users for several services. The specific
forecasting processes are as follows.

1) Define the input layer: The input layer
consists of four nodes: gender, age, residence, and
health status. All indicators except age were
quantified as numeric data and expressed as vec-
tors. For example, the vector of residence is
expressed as—living alone, spouse living together,
or living with children; therefore, the vector of
the user living with their spouse is expressed as
(0,1, 0).

2) Define the output layer: The output layer
should be the type of service that elderly users
really need, and it is also expressed as a vector
(bath aid, home cleaning, physiotherapy, medi-
cal consultation, health follow-up, and meal
delivery services). For example, if a user receives
a total of five bath aid services, one medical con-
sultation service, and eighteen meal delivery ser-
vices during the data collection period, the real
demand is expressed as (5,0, 0, 1, 0, 18).

3) Clarify the number of nodes in the hid-
den layer: There were a total of 590 elderly users
in this study. To avoid overfitting, based on the
empirical formula in the BP neural network
model [27], we determined that the optimal value

range of the hidden layer nodes is [1, 5]
h=vm+n+a (4

In the empirical formula, m is the number of
input layer nodes, m is the number of output
layer nodes, and a is the regulation constant.
According to the data characteristics of this
study, take the number of input nodes m = 4; the
number of output nodes n =1, a to take [—1, 3.

4)  Neural

“trainlm” as the training function, “tansig” as

network parameters: choose

the node transfer function, and set the maxi-
mum training times “epochs” to 1000. Taking
acceptable error as 1% and the learning rate as
0.1. The “epochs” and acceptable error are man-
ually set hyperparameters. For the hyperparame-
ters of learning rate, we use cross validation
method for selection, randomly divided the 490
user data in the training set into 10 equal parts
for cross validation, and brought different learn-
ing rates into it to observe the average accuracy
of prediction. We selected the learning rate with
the highest accuracy as the parameter value. So,
the learning rate is selected as 0.1. The initial
values of the weights w, in the input layer and
w, in the hidden layer in the neural network are
both taken the random number on (—0.5,0.5).
Similarly, the threshold initial values 6, in the
hidden layer and 0, in the output layer are taken
the random number on (0,1). These parameters
are model parameters, and the parameters of the
optimal model are obtained through training.

In total, 590 users were randomly divided
into the train or test sets; the test set comprised
the smart elderly service data of 490 users, and
the test set comprised the smart elderly service
data of the remaining 100 users. The experimen-
tal tool used MATLAB software to set the num-
ber of hidden layer nodes from one to five. In
MATLAB neural network tools, the optimal
model output is based on the minimum test
error, rather than the minimum training error.
This also avoids overfitting. There is almost no
difference between the verification error of cross
validation in the training set and the test error in
the final test set. Therefore, it is correct to select
the output results on the test set as the predic-
tion accuracy of the model. The data of the
training set were input into the neural network
to take the most numerical demand category in
the output vector as the prediction results, and
the real results were compared with the predic-
tion results. The prediction accuracy rates are

presented in Tab. 7.
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Tab. 7 Physical condition of elderly users

Number of nodes of hidden layer 1 2 3 4 5
113 206 175 192 183
51 83 75 T2 79

Number of epochs

Prediction accuracy rate (%)

3.5 User Profile

The user profile results were based on the value
category tag and real demand tag, with age, resi-
dence status, and health status as auxiliary tags.
The main tag of the user profile, that is, the real
demand tag of services can be determined by
entering users’ basic information. Real demand
tags and auxiliary tags are then used to build

ontology-based user profiles, as shown in Fig. 4.

Female [DisabilityJ [Phy51otherapy] [Health fOI-low-]
service up service
Elderly
user
[ Living ] [ Important value user ]
old alone

Fig. 4 Display of user profile

According to the results of the BP neural
network model, when a 75-year-old female elderly
user is living alone and has an age-related dis-
ease that renders them disabled, we can predict
that they need physiotherapy and health follow-
up services. According to this order information,
this user is an important valuable user of the
smart elderly care service platform. To better
meet the users’ real care needs and improve the
service efficiency of the platform, the platform
can recommend physiotherapy services and

health follow-up services accordingly.

3.6 Results

3.6.1 BP Neural Network Prediction Results
According to the prediction of BP neural net-
work, the training model of 490 wusers was
selected, and 100 users showed an accuracy rate
of more than 80% on the test set. For each test
user, we select the two services with the largest
prediction value as the recommended services.
The prediction results on the test set are shown
below. The label of bath aid service does not

appear among female users. Only the disabled

elderly who live alone have the label of bath aid
service. The predicted home cleaning service tag
has a higher proportion of elderly livinging alone,
but the total predicted number of bath service
tag and household cleaning service tag is less.
More than 42% of the users are recommended for
physiotherapy services, and the proportion of
elderly living alone is less. There are also few ser-
vice tags for medical consultation service. Most
of the them are the oldest old who live alone and
need to be cared for. The prediction results show
that there are no younger elderly and disabled
elderly among the users of medical consultation
service. More than 76% of the users of the health
follow-up service tag are recommended, but there
are no disabled elderly among all the recom-
mended users. 59% of the users of the food deliv-
ery service were recommended, with a high pro-
portion of those who live alone, but few the old-
est old were recommended for the service. There-
fore, the service prediction of BP neural network
for all types of users is relatively clear, which is
more consistent with the service actually used by
100 elderly users in the actual test set.
3.6.2 User Profile Results
1) The oldest users are important target users of
the smart elderly care service platform.

Based on the results of the data pre-process-
ing, more than 80% of the users were over 70
years old, which placed them in the highest age
category. Among them, the elderly aged between
70 and 79, who accounted for 50.6% of total
users, used the service 578 times. Those aged
over 80 years, who accounted for 32.5% of the
users, used the service 458 times. Therefore, the
age of the most frequent users of the smart
elderly care service platform was relatively high.
Older adults who use care services more fre-
quently are more likely to become loyal, high-
value users.

2) Elderly women living alone rely more on
the smart elderly care service.

The proportion of elderly users whose physi-

cal condition was “need of care” is the highest,
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followed by “self-care” users and “partial disabil-
ity
condition was “disability” was the lowest. Based

” users, while that of users whose physical

on the service categories and data provided by
the platform, elderly female users who live alone
and require professional care are overrepresented.
Some of the diseases that they suffer from are
acute and critical. Moreover, there is a need for
mental comfort. Elderly women look forward to
the specialized and humanized service content
and thus are more likely to choose community
smart elderly care services. In particular, the vast
majority of female users favor medical consulta-
tion services; thus, male users are less frequently
labeled with such services on their user profiles.
3) Meal delivery and health follow-up ser-
vice are the most popular with elderly users.
Based on the service order data of all users
in terms of order quantity, the top three elderly
services are meal delivery, health follow-up, and
physiotherapy services. In terms of the number of
users in the same period, the three services with
the largest number of users are health follow-up,
physiotherapy, and meal delivery services. Based
on the results of the user profiles, meal delivery
and health follow-up services are the most popu-
lar service types at present, and their degree of
reuse is also high, meaning that they will become
crucial to upgrading and developing smart elderly
care services in the future. Among them, meal
delivery services are reordered the most; during
the three-month study period, the highest num-
ber of meal delivery service reuses was 49. The
health follow-up service showed the characteris-
although this

accounts for the largest number of service orders,

tics of periodic use; service
the frequency of reuse for this service is lower
than for meal delivery services. In addition, the
health follow-up service is provided cyclically,
and users tend to self-monitor their health at

intervals.

3.7 Discussion

Based on the service use data and labeling of the

real needs of elderly users in this study, all users
who ordered bath aid services were male. There-
fore, female users are not covered in the labels of
the bath aid service on the generated user pro-
files and cannot be recommended for this service,
which inevitably leads to less understanding and
de-feminization of the bath aid service. The main
reason female users do not choose the bath aid
service may be that they perceive it as violative
of traditional norms. The bath aid service is more
private than other services; therefore, the design
of the service can be improved by, for example,
training more professional female bath assistants
and providing two different forms of bath assis-
tance: door-to-door and in-store. More attention
should also be paid to cleaning bath facilities and
providing humanized bath aid services for the
elderly who are disabled or without mobility.
These measures can further meet the needs of
female users and help resolve their resistance to
bath-aid services.

This study has the following shortcomings.
First, the data obtained in this study are limited.
Data were gathered from only 1 301 orders from
590 users. The amount of data is relatively small;
therefore, the accuracy of the trained model is
not sufficiently high. There are fewer indicators
in the data dimension. For example, the data in
the income column are missing and cannot be
applied to the model, while the income situation
is the most important indicator for measuring the
affordability and acceptability of smart elderly
care services for the elderly. Therefore, more
comprehensive user information is required to
further increase the number of nodes in the input
layer of the BP neural network and to improve
the accuracy of the prediction model. With
regard to the subsequent prediction of users’ real
demands, intensive learning is also crucial to con-
tinuously train the prediction model with newly
generated order data and further improve the
accuracy of prediction. Second, this study only
adds user value tags and real user demand labels

to the user profiles. In subsequent studies, more
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labels can be considered to generate more com-
prehensive profiles for elderly users. Third, for
checking the accuracy of the user’s demand label,
user evaluation and feedback on the recom-
mended services can be obtained based on the

service recommendation of the Application.

4 Conclusion

Supported by the data from the community
smart elderly care service platform, this study
builds user profiles using the RFM and BP neu-
ral network models, analyzes elderly users’ appli-
cations, and eventually obtains a neural network
model with a high matching of elderly care ser-
vices. Based on research on the use of elderly
care services, the main findings of this study are
as follows.

First, the elderly are important users of
smart care services in Xi’an. Therefore, in the
face of the dynamic demands of the most aged
population for smart elderly care services, ser-
vice design should be more favorable for the
elderly, and their service experience should be
improved.

Second, elderly female users in Xi’an, espe-
cially those who live alone, are more dependent
on smart elderly care services, particularly medi-
cal consultation services. Therefore, the platform
should pay more attention to the comfort of
elderly female users, increase mental health ser-
vices, and recommend such services to female
users.

Finally, the main services in this platform
are health follow-up and meal delivery services.
The meal delivery service is frequently reordered,
and the health follow-up service is cyclical.
Therefore, the platform should highlight these
two services and add the cyclical element to the
recommendation of the health follow-up service

to improve recommendations.
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