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Abstract

This study uses data mining techniques to deeply analyze the demand for
healthcare services of citizens of different age groups in Tianjin to provide re-
liable data support for improving the quality and efficiency of healthcare ser-
vices. By collecting data from a wide range of samples, including residents of
different age groups and different social backgrounds, we applied advanced
methods such as random forests to conduct a comprehensive analysis. It was
found that there were significant differences in the demand for healthcare
services among different age groups and social groups. Specifically, age, edu-
cation level, and health status significantly impact the demand for healthcare
services. Older age groups may be more inclined to seek long-term care and
chronic disease management services, while younger people may be more
concerned about emergency medical treatment and preventive care. In addi-
tion, our study found that more educated people may be more focused on the
level of healthcare technology and service experience, while individuals with
poorer health status may have a more urgent need for healthcare resources.
These findings provide valuable references for healthcare organizations and
policymakers, helping them to meet the healthcare service needs of different
groups more accurately, improve the efficiency of healthcare resource utiliza-
tion, and achieve the goal of health for all. Future research can further explore
the mechanisms by which different factors influence the demand for health-
care services and make targeted policy reccommendations to promote the con-
tinuous optimization and innovation of the healthcare service system.
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1. Introduction

With the rapid development of medical technology and the public’s growing con-
cern for health, medical services have become an indispensable part of social life.
However, demographic changes, lifestyle diversification, and an increase in chron-
ic diseases have made citizens’ needs for medical services increasingly diverse. For
instance, in China, the demand for geriatric medical services is gradually increas-
ing with the aging population, and the proportion of elderly people suffering from
chronic diseases is on the rise. This requires medical institutions to better under-
stand and meet the needs of patients of different ages and health conditions by
providing personalized and differentiated medical services. In such a context, the
application of data mining techniques becomes particularly important.

In recent years, big data technology has significantly impacted various indus-
tries, including healthcare (National Health and Family Planning Commission,
2017). The U.S. government’s investment in the “Big Data Research and Devel-
opment Program” in 2012, alongside other global initiatives, underscores the
importance of big data in transforming healthcare services. The Chinese gov-
ernment has also recognized healthcare big data as a critical national strategic
resource (General Office of the State Council, 2016), promoting its integration
into healthcare to enhance service quality and efficiency.

By mining and analyzing large amounts of medical data, healthcare organiza-
tions can more accurately understand patients’ needs and health conditions. For
example, a medical institution in the United States used data mining technology
to analyze patients’ consultation records, health data, and medical expenditures.
This analysis revealed differences in consultation preferences and medical needs
among different age groups, leading to a more targeted service strategy and sig-
nificant improvements in service delivery.

Similarly, a European healthcare company utilized data mining to analyze pa-
tients” health behaviors and consumption habits. This approach provided strong
data support for the positioning and promotion of healthcare services, making
them more aligned with patients’ needs and improving market competitiveness.

In summary, the application of data mining technology in healthcare not only
supports the personalization and differentiation of medical services but also
provides a scientific basis for the strategic planning of medical institutions. This
facilitates the efficient implementation and high-quality delivery of healthcare
services. Future research can further explore the mechanisms by which different
factors influence healthcare demand and make targeted policy recommendations
to promote continuous optimization and innovation in the healthcare service
system.

1) Analysis of Previous Research

The aforementioned studies highlight the substantial benefits of integrating
data mining technology into healthcare systems (Li & Cheng, 2012). These benefits
include enhanced understanding of patient needs, improved service delivery,

and more effective healthcare marketing strategies (Zhou, Li, Zhang et al., 2023).
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However, these studies also exhibit several limitations:

Scope of Data: The data used in many studies is often limited to specific re-
gions or populations, which may not fully capture the diverse healthcare needs
of different demographic groups.

Data Quality and Integration: Inconsistent data quality and integration is-
sues can lead to inaccuracies in analysis and hinder the effectiveness of data
mining applications.

Privacy Concerns: There is a growing concern about the privacy and security
of medical data, which can affect patient trust and willingness to share their in-
formation.

Implementation Challenges: While data mining offers valuable insights, in-
tegrating these insights into existing healthcare systems and workflows can be
complex and resource-intensive.

Longitudinal Data Analysis: Many studies focus on cross-sectional data, lack-
ing a longitudinal perspective that can provide deeper insights into the changes
and trends in healthcare needs over time (Lunch, 2008).

2) Identification of Problems

These limitations point to several key issues that need to be addressed to
maximize the potential of data mining in healthcare:

Comprehensive Data Collection: There is a need for more comprehensive
data collection that includes diverse populations and long-term health records.

Data Standardization: Developing standardized protocols for data collection,
storage, and integration can improve data quality and facilitate more accurate
analyses.

Enhanced Privacy Measures: Strengthening privacy and security measures
can help build patient trust and encourage broader participation in data sharing
initiatives.

Efficient Implementation Strategies: Creating effective strategies for inte-
grating data mining insights into clinical practice and healthcare management
can enhance the practical utility of these technologies.

Longitudinal Studies: Conducting longitudinal studies can provide more de-
tailed insights into the evolving healthcare needs and preferences of different
populations.

3) Conclusion

In summary, the application of data mining technology in healthcare not only
supports the personalization and differentiation of medical services but also
provides a scientific basis for the strategic planning of medical institutions. This
facilitates the efficient implementation and high-quality delivery of healthcare
services. Future research can further explore the mechanisms by which different
factors influence healthcare demand and make targeted policy recommendations
to promote continuous optimization and innovation in the healthcare service
system. Addressing the identified limitations and challenges will be crucial in

realizing the full potential of data mining in transforming healthcare services.
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2. Schematic Design

First, we draw a flow chart (see Figure 1).

‘ Schematic Design

Overall Design Questionnaire Design Questionnaire Survey
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Figure 1. Framework of schematic design.

2.1. Overall Design

The goal of this study is to delve into the expectations and differentiated needs of
various groups for the use of big data healthcare, thereby revealing the unique
differences in healthcare service needs of different groups. Through detailed data
analysis, we aim to discover the deep information behind the data and gain in-
sights into the health concerns and preferences of different groups. This study
will provide solid data support to improve the quality and efficiency of health-
care services, bring healthcare services closer to the actual needs of patients, and
thus promote the innovation and development of the healthcare system.
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2.2. Questionnaire Design

Through a well-designed questionnaire, this study aims to gain a comprehensive
understanding of citizens’ expectations for the use of big data healthcare and
their individualized needs, and based on this, to provide targeted advice and
support through the results of data analysis. The questionnaire is divided into
three main sections:

1) Basic information

This includes gender, age, education level, health status, level of scientific and
technological understanding, etc. This information helps to gain insight into the
basic situation of the respondents (Batarseh & Abdel, 2016).

2) Attitudes toward different types of healthcare delivery systems

The medical service system is divided into three categories, namely, hospital,
home, and social medical service system, and citizens are surveyed on their
usage, satisfaction, and suggestions respectively. We also divided each service
system into specific categories, explored the items with the highest level of satis-
faction in that kind of healthcare service system, and then conducted regression
analysis with the basic information of the surveyed people to get the user profile
of the items in that category (Zhou, Tang, & Zhao, 2015).

3) Views on Smart Healthcare

The first thing that was investigated was the values and orientations, whether
they preferred traditional healthcare or were more willing to try new healthcare
technologies; whether they valued the security of their healthcare data, and so
on, and this information helped to understand their possible rejection and ac-
ceptance factors. The second thing investigated is the needs and expectations for
smart healthcare, including the problems they want these services to solve and

their views on the future of smart healthcare.

2.3. Questionnaire Survey

After the steps of careful screening of valid questionnaires and data cleaning, we
obtained a rich sample of data that included a total of 201 questionnaires. Sub-
sequently, we conducted in-depth reliability and validity analyses on these data
to ensure the reliability and validity of the data (Zhou, Li, & Zhang, 2023).

1) Reliability analysis

Reliability, also known as reliability, is the degree of consistency of the results
obtained when repeated measurements are made on the same object. In this
study, we used Cronbach’s alpha as an indicator for reliability analysis to assess
the internal consistency and stability of the survey instrument (see Table 1). Af-
ter exhaustive data processing and analysis, we obtained the results of the relia-
bility analysis as shown below: (see Table 1).

In reliability analysis, the coefficients are usually interpreted in different
ranges. When the reliability coefficient is between 0.6 and 0.7, it means that the
reliability of the questionnaire is acceptable; if it is between 0.7 and 0.8, it means

that the questionnaire’s reliability is relatively good; and when the coefficient is

DOI: 10.4236/jss5.2024.127035

491 Open Journal of Social Sciences


https://doi.org/10.4236/jss.2024.127035

H. Wan et al.

Table 1. Reliability checklist.

It t
dimension (math.) Cronbach Alpha err‘l count
(of a consignment etc.)

In-hospital healthcare delivery

system 0.883 5

Family Medical Service System 0.847 5
Social health service system 0.910 6
Scale as a whole 0.844 16

more than 0.8, it means that the quality of the data’s reliability is very high. After
analyzing the results, we got the result that the credibility coefficient of the ques-
tionnaire is more than 0.8, which means that the quality of the data’s credibility
is very high, so we can continue to carry out further statistical analysis.

2) Validity analysis

Validity refers to the accuracy of the measurement tool, that is, the degree to
which the measurement results can reflect the characteristics to be measured, the
higher the validity the more able to achieve the purpose of the questionnaire test.
In this paper, exploratory factor analysis was conducted using KMO and Bar-
tlett’s test (see Table 2), the closer the KMO value is to 1, the better the correla-
tion between the variables, and the better the effect of the factor analysis; the
significance of Bartlett’s test of sphericity with a P-value of significance < 0.05
does not obey the test of sphericity, which indicates that there is a strong corre-

lation between the variables. The results were obtained as Table 2 Shown.

Table 2. KMO and Bartlett’s test table.

KMO and Bartlett’s test

KMO Number of Sampling
a1 0.808
Suitability Measure.
Bartlett’s test of sphericity approximate chi-square (math.) 2294.099
(number of) degrees of freedom (physics) 120
significance 0.000

From Table 2, the KMO value of the scale data is 0.808, which is greater than
0.5, while its significance level p-value is 0.000, which is less than 0.05. This in-
dicates that the selected sample data is valid and there is enough correlation to
achieve the expected results.

Next, the factor rotation was performed using the maximum variance method
to obtain the rotated component matrix as Table 3 shows.

From the rotated component matrix table, the three factors extracted are ex-
actly the in-hospital health care delivery system, home health care delivery sys-
tem, and social health care delivery system set in the questionnaire, i.e., it proves

that the questionnaire scale is set reasonably.
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Table 3. Table of rotated component matrices.

ingredient

2

16. Intelligent security monitoring

16. Health education and preventive
measures

16. Intelligent health detection

16. Health data management

16. Telemedicine services

16. Intelligent medication management
9. Clinical decision-making systems
9. Remote consultation

9. Automatic alarm

9. Remote visitation

9. Intelligent prescriptions

12. Telemedicine

12. Health care programs

12. Disease management

12. Emergency relief

12. Health counseling

Extraction method: principal component analysis.

0.877

0.868

0.797
0.747
0.745
0.726

Rotation method: Kaiser normalized maximum variance

method.

a. The rotation has converged after 5 iterations.

0.866
0.854
0.845
0.817
0.726

0.803
0.775
0.756
0.746
0.694

3. Data Description

3.1. Data Sources

In this paper, a total of two hundred and one data were collected through the

questionnaire survey. According to the background of the collected data ques-

tionnaire, the questionnaire fillers’ IP addresses are concentrated in Tianjin, and

the average age is about 28 - 30 years old. The limitation of age leads to our

questionnaire collection problem is not comprehensive.

3.2. Variant

We then defined 10 variables based on the data collected (see Table 4).

Table 4. Variable indicator system

Xi (a person’s) age
X educational attainment
X3 health situation
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Continued
X4 Health problems faced
Xs Proficiency in the use of electronics
X Level of smart healthcare development in the region
Xy Whether or not you believe in smart medical diagnostics
Xs Level of importance attached to personal privacy
X Is there a concern that smart healthcare platforms are
invading personal privacy
Xio Positive outlook for smart healthcare platforms

1) Note: In this paper, we set the variable X; (i = 1, 2 - 10) variables, and all
the options in the questionnaire are transformed into calculable indicator values,
to facilitate the calculation in the construction of the model later.

2) Relationship with target variables: the above 10 variables are the basic cha-
racteristics of the questionnaire fillers and have a certain causal relationship with
the target variables, which will be one of the reasons that constitute the fillers’
choice of target variables. To facilitate the subsequent calculation, we assume

that each variable has the same weight.

Descriptive Analysis of Target Variables
We then conducted a descriptive analysis of the target variables (see Table 5).

Table 5. Descriptive statistics of target variables.

descriptive statistics

. . (statistics)
minimum maximum average
N standard
value values value .
deviation
In-hospital healthcare delivery system
teleconsultation 201 3 5 4.40 0.708
automatic
. 201 3 5 4.07 0.689
warning
Clinical
Decision 201 3 5 4.55 0.564
System
Smart
L 201 3 5 4.24 0.629
Prescriptions
Family Medical Service System
Disease
201 3 5 4.45 0.631
management
bailout 201 3 5 4.67 0.542
Health
. 201 3 5 4.25 0.684
Consultation
Health Care
201 3 5 4.21 0.647
Programs
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Continued

Social health service system

Intelligent
Health 201 3 5 3.98 0.624
Detection

Health Data

201 3 5 3.93 0.591
Management

Intelligent
Medication 201 3 5 4.08 0.740
Management

Intelligent
Security 201 3 5 4.17 0.672
Monitoring

Health
education and
. 201 3 5 4.16 0.607
preventive

measures

Table 5 is our descriptive analysis based on the satisfaction ratings of the
three aspects of smart healthcare systems in the questionnaire, which resulted in
the smart healthcare services with the highest ratings among the three smart
healthcare service systems of hospital, home, and society, respectively, which
were used as the target variables, Y, (Clinical Decision Making System), Y,

(Emergency Rescue), and Y3 (Intelligent Safety Monitoring).

3.3. Descriptive Analysis of Variables

Combined with descriptive statistical graphs of variable indicators (see Table 6)

Table 6. Descriptive statistics for variables.

.. . (statistics)
minimum maximum average

N standard
value values value o

deviation
X1 201 1 5 2.85 1.145
X2 201 1 7 4.19 1.666
X3 201 2 2 2.00 0.000
Xy 201 1 3 2.24 0.613
Xs 201 1 3 2.41 0.674
X 201 1 3 1.40 0.610
X7 201 1 2 1.40 0.492
X3 201 1 2 1.16 0.367
X9 201 1 2 1.31 0.463
Xio 201 1 3 1.93 0.894
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Since this paper is converting the options in the questionnaire into index val-
ues that can be calculated, the minimum and maximum values in descriptive
statistics, whether in variables or target variables, do not have much significance;
rather, the average value is more indicative of the relationship between the basic

characteristics of the filler and the target variable.

4. Model Building
4.1. Model Variable

Independent Variables (X; - Xo)

Xi: Age Range: 1to 5

Description: Represents the age group of the respondents. Categories are
structured to reflect a progression from younger to older age groups, with higher
values indicating older respondents.

Average Value: 2.85

X,: Educational Attainment Range: 1to 7

Description: Measures the highest level of education completed by the res-
pondents. Higher values correspond to higher levels of education.

Average Value: 4.19

X;: Health Situation Range: 2

Description: Assesses the general health status of the respondents. Since all
responses are the same, this variable may indicate a homogenous health status
among the participants.

Average Value: 2.00

X4: Health Problems Faced Range: 1to 3

Description: Indicates the severity of health issues faced by the respondents.
Higher values denote more severe health problems.

Average Value: 2.24

Xs: Proficiency in the Use of Electronics Range: 1to 3

Description: Evaluates how skilled the respondents are in using electronic de-
vices, with higher values indicating greater proficiency.

Average Value: 2.41

Xe: Level of Smart Healthcare Development in the Region Range: 1to 3

Description: Reflects the development level of smart healthcare infrastructure
in the respondent’s region. Higher values suggest better development.

Average Value: 1.40

X7: Belief in Smart Medical Diagnostics Range: 1 to 2

Description: Measures whether respondents trust smart medical diagnostic
systems. Higher values indicate stronger belief.

Average Value: 1.40

Xs: Importance Attached to Personal Privacy Range: 1 to 2

Description: Assesses how much importance respondents place on personal
privacy. Higher values reflect greater importance.

Average Value: 1.16
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Xo: Concern about Privacy Invasion by Smart Healthcare Platforms
Range: 1 to 2

Description: Evaluates the level of concern respondents have about smart
healthcare platforms invading their privacy. Higher values denote more concern.

Average Value: 1.31

Xio: Positive Outlook for Smart Healthcare Platforms Range: 1to 3

Description: Indicates the optimism of respondents regarding the future of
smart healthcare platforms. Higher values represent a more positive outlook.

Average Value: 1.93

Target Variables (Y, - Y;3)

Y: Clinical Decision Making System Average Value: 4.55

Standard Deviation: 0.564

Description: Represents the satisfaction rating for the clinical decision-making
systems in hospitals. Higher values indicate greater satisfaction.

Y.: Emergency Rescue Average Value: 4.67

Standard Deviation: 0.542

Description: Measures the satisfaction rating for emergency rescue services in
the family medical service system. Higher values denote higher satisfaction.

Y;: Intelligent Safety Monitoring Average Value: 4.17

Standard Deviation: 0.672

Description: Reflects the satisfaction rating for intelligent safety monitoring
services in the social health service system. Higher values suggest greater satis-
faction.

These variables form the basis for building and analyzing the model, which
aims to predict the satisfaction levels of different aspects of smart healthcare
systems based on the demographic and personal characteristics of the respon-

dents.

4.2. Model Detection

In this paper, after trying several machine learning classification algorithms, we
decided to choose the Random Forest Regression algorithm for model construc-

tion. The following is a test of the accuracy of the model (see Table 7).

Table 7. Random forest results.

MSE RMSE MAE MAPE R?
training set 0.043 0.208 0.175 3.874 0.826
test set 0.587 0.766 0.657 14.058 —-0.608

In Table 7, the prediction evaluation metrics of the cross-validation set, the
training set, and the test set are demonstrated to measure the prediction effect of
the random forest through quantitative metrics. Among them, the evaluation
metrics of the cross-validation set can continuously adjust the hyperparameters
to obtain a reliable and stable model (Khairo, 2014).
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From Table 7, the training set MSE tends to 0, RMSE is larger but also tends
to 0, and R? tends to 1, which can indicate that the accuracy of the model is
higher, and the model predicts the results better, so this paper can utilize the
model to calculate to get the prediction results, to portray the user portrait
(Zhou, Leng, & Liu, 2022).

4.3. Analysis of Model Prediction Results

Since this paper portrays user profiles of smart service healthcare platforms for
hospitals, homes, and societies respectively, the predictions of the following

models are also divided into three parts.

4.3.1. Intelligent Medical Service Platforms within Hospitals
1) Characteristic importance ratio (see Figure 2)

Education Level 22.9%

Age 20.3%

=

Attitude on Smart Healthcare 12.1%

el

Familiarity with Devices 10.9%

bocal Smart Healihcare Level _ b

Willingness to Share Data 6.6%
Privacy Concerns 5.7%
Health Issues 5.6%
Trust in Smart Diagnosis ' 5.5%

Health conditions | 0%

Figure 2. Proportion of importance of healthcare delivery system characteristics within
hospitals.

2) Model prediction results

a) Forecast results (see Figure 3)

Y1

5 =
0 ||

Figure 3. Results of the model prediction of the healthcare
delivery system within the hospital.

- N W N
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According to the above figures, among the different combinations of basic
features, there is a group of combinations that can achieve the highest satisfac-
tion score of 4.98, that is to say, the questionnaire fillers with this group of com-
binations of basic features will give the highest satisfaction score to Y;, which is
the group of basic features that we are looking for to portray the user’s profile.

b) User profile (see Table 8)

Table 8. Construction of user profiles for in-hospital healthcare delivery systems.

Xi Age: 41 to 60

X, Level of education: Higher education

X, Health: certain health problems

X4 Health problems faced: long-term

Xs Proficient in the use of electronic devices: Yes, elders not

X Level of development of smart healthcare in the region:
Adequate

X7 Do you believe in smart medical diagnosis: No

Xs Level of importance of personal privacy: importance

X Whether you are worried that the smart healthcare platform
violates personal privacy: Yes

Xu0 How optimistic is the outlook for smart healthcare platforms:

Very optimistic

According to the above table, we can portray the image of users who are more
willing to choose a smart medical system in hospital healthcare: middle-aged
people, and elders at home who have certain long-term health problems and
need to go to and from the hospital for many times, and at the same time, they
have received higher education, can use smart devices more skillfully and attach
more importance to their privacy, and the level of development of smart medical
care is more fully developed in the region where they are located, and they have
received smart medical care to a certain extent. They have received smart health-
care services to a certain extent, and are optimistic about the smart healthcare
platform (Yu et al., 2024).

4.3.2. Family Intelligent Medical Service Platforms

1) Characteristic importance ratio (see Figure 4)

2) Model prediction results

a) Forecast results (see Figure 5)

According to the above figures, among the different combinations of basic
features, there is a group of combinations that can achieve the highest satisfac-
tion score of 4.91, that is to say, the questionnaire fillers with this group of com-
binations of basic features will give the highest satisfaction score to Y,, and this
is the group of basic features that we are looking for to portray the user’s profile
(see Table 9).
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Education Level 19.8%

|

Age 18.5%
Familiarity with Devices 1.7%
Focal Smart Healthcare Level _ s

Willingness to Share Data 11.4%

Trust in Smart Diagnosis 8.7%
Health Issues 8.2%
Attitude on Smart Healthcare 6%
Privacy Concerns 4.2%

Health conditions | 0%

amout

Figure 4. Proportion of importance of characteristics of the home health care delivery
system.

Y2

1

0

Figure 5. Results of the FMS model predictions.

b) user profile

Table 9. Construction of user profiles for home healthcare service systems.

Xi Age: 31 - 40

X, Level of education: High school education

X3 Health: certain health problems

Xa Health problems faced: long-term

Xs Proficiency in the use of electronics: No

X Level of development of smart healthcare in the region:
¢ Adequate

X7 Do you believe in smart medical diagnosis: No

Xs Level of importance of personal privacy: Importance

X Whether you are worried that the smart healthcare platform
’ violates personal privacy: Yes

x How optimistic is the outlook for smart healthcare platforms:
10

Very optimistic
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According to the above table, we can portray the portrait of users who are
more willing to choose intelligent medical system in home healthcare: mid-
dle-aged people, with a medium level of education, suffering from certain long-
term health problems themselves or their elders at home, and unable to use elec-
tronic products skillfully, still in the skeptical stage of intelligent medical diag-
nosis, but due to the high level of healthcare development in their regions, they
are willing to try intelligent medical diagnosis for However, due to the high level
of medical development in their region, they are willing to try smart medical di-
agnosis for treatment, and at the same time emphasize their privacy (Cui et al.,
2023).

4.3.3. Social Intelligence Medical Service Platforms
1. Characteristic importance ratio (see Figure 6)

Education Level 20.1%

|

Age 18.2%
1
Familiarity with Devices 10.8%
Health Issues 10.7%
Local Smart Healthcare Level 10.6%
Attitude on Smart Healthcare 10.6%

Trust in Smart Diagnosis 8.3%

Privacy Concerns

]— |
o
x

Willingness to Share Data 4.6%

Health conditions | 0%

Figure 6. Proportion of importance of social health care system characteristics.

2) Model prediction results
a) Forecast results (see Figure 7)

Y3

5
45
4
3.5 N
3
2.5
2
1.5
1
0.5
0

Figure 7. Results of the model predictions for the social health
care delivery system.
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According to the above figures, among the different combinations of basic
features, there is a group of combinations that can achieve the highest satisfac-
tion score of 4.76, that is to say, the questionnaire fillers with this group of com-
binations of basic features will give the highest satisfaction score to Y3, and this
is the group of basic features that we are looking for to portray the user’s profile
(see Table 10).

b) User profile

Table 10. Social medical service system user profile construction.

Xi Age: 31 - 40

X, Level of education: Higher education

X, Health: certain health problems

X4 Health problems faced: long-term

Xs Proficiency in the use of electronics: Yes

X Level of development of smart healthcare in the region:
Adequate

X7 Do you believe in smart medical diagnosis: Yes

Xs Level of importance of personal privacy: importance

X Whether you are worried that the smart healthcare platform
violates personal privacy: Yes

Xu0 How optimistic is the outlook for smart healthcare platforms:

Very optimistic

According to the above table, we can portray the portrait of users who are
more willing to choose smart healthcare systems in terms of social healthcare:
middle-aged people, higher education, certain long-term health problems for
themselves and their family members, proficient in electronic products, living in
areas where the level of healthcare is more adequately developed, willing to trust
the diagnosis of smart healthcare platforms, and positively optimistic about the
development of smart healthcare platforms, as well as being more concerned

about their privacy...

5. Summarizing the Outlook

The text collects the demand data of Tianjin residents for different healthcare
service systems by means of questionnaire survey (Xiang, Zhang, & Zhao, 2021).
Through the results of the questionnaire survey, the items that residents are most
interested in the in-hospital medical service system, the family medical service
system and the social medical service system are derived respectively, and then
after trying various machine learning classification algorithms, the random for-
est regression algorithm is chosen for model construction, and the user profiles
of the three types of medical service systems are finally obtained.

This study also has some limitations and shortcomings. First, the small sample

size of the collection and the possible limitations on the richness and quality of
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the data sources may lead to biased results. Future research could consider inte-
grating data from more sources to improve the accuracy and reliability of the
analysis. Second, the selection and optimization of data mining algorithms is al-
so an important research direction (Zhou, Xu, Ren et al., 2014). Currently, al-
though we have used a variety of algorithms for analysis, there is still room for
further improvement. Future research will explore more advanced and suitable
algorithms for the characteristics of medical data to improve the efficiency and
accuracy of analysis.

Looking ahead, the potential of data mining in the analysis of differentiated
demand for healthcare services will be further realized with the continuous ad-
vancement of healthcare technology and the wide application of big data tech-
nology (Khairo, 2014). We can foresee that future research will pay more atten-
tion to the real-time and dynamic nature of data to better capture the changing
trends of healthcare service demand (Kum, Ahalt, & Carsey, 2011). At the same
time, with the continuous development of artificial intelligence technology, the
combination of data mining with machine learning, deep learning, and other
technologies will also bring more possibilities for differentiated demand analysis

of medical services.
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