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Abstract: With societal and technological developments, mobile Internet has become the most
popular and widespread means to use the Internet in China. Thus, exploring the relationship between
mobile Internet use and the self-rated health and mental health of the Chinese population is of great
importance. This study empirically examined the impact of mobile Internet use on residents’ health
using data from the China Family Panel Studies 2020 and conducted a heterogeneity analysis. The
results revealed a significant negative association between mobile Internet use and the self-rated
health of the population, but a significant positive association was found relative to their mental
health. The results of this analysis passed a robustness test. The results of the heterogeneity analysis
showed that mobile Internet use had a more significant association with the health of residents
with secondary school education and university education compared to those with primary school
education or below and graduate education. Furthermore, this study addresses the endogeneity
problem using the propensity-score matching model, which is shown to be better at eliminating
sample selectivity bias. If endogeneity is not addressed, the negative association with mobile Internet
use on residents’ self-rated health will be underestimated and its positive association with their mental
health will be overestimated. The Chinese government should issue guidelines on the duration of
Internet use, strictly regulate exaggerated and harmful content on mobile network platforms, and
strengthen people’s online skills through training to improve their digital literacy, especially for
rural populations.

Keywords: mobile Internet use; self-rated health; mental health; China; CFPS

1. Introduction

Health is important for the development of populations and societies. Since the reform
and opening up of China, there have been rapid developments in medical and health care
in the country, and the health condition of the residents has hugely changed [1]. According
to data from the Chinese Health Care Commission, by 2020, life expectancy in China
will reach 77.93 years, an increase of nearly 43 years compared to a life expectancy of
merely 35 years in the early years after the founding of the country; in this regard, China is
already catching up with some developed countries [2]. In 2017, at the 19th Congress of
the Communist Party of China (CPC), President Xi Jinping proposed the “Health China
Strategy”, with an aim of improving the health of the population to achieve the goal of a
healthy and strong country and, thereby, enhance the happiness of the population [3,4].
In 2021, the Sixth Plenary Session of the 19th CPC Central Committee further reiterated
the need to strengthen the construction of a healthy China [5]. The Chinese government
has always put the health of the people first. However, with developing times and society,
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intelligent digital technologies represented by the Internet have permeated every aspect
of people’s daily lives, impacting them in profound ways [6]. According to the latest data
from the China Bureau of Statistics, as of 2020, 989 million people had gained access to the
Internet in China, including 986 million cell phone users, making China the country with
the highest number of Internet users worldwide [7]. On the one hand, Internet technology
has facilitated people’s daily lives; in particular, the use of mobile Internet via cell phones
has brought great convenience to people [8]. On the other hand, the emergence of the
Internet has had some negative effects on people, particularly in the form of addiction
to the Internet [9]. The health ecology theory posits that the environment has a multi-
level impact on individuals and the complexity of the influencing factors [10]. In this
context, the current study aims to examine whether mobile Internet use affects the health of
the population.

In recent years, scholars have explored the relationship between technological progress
and population health. For example, using data from a survey in China, Yang and He found
that Internet use had a significant positive impact on population health [11]. Similarly,
Zhao and Liu analyzed the impact of Internet use on older adults using 2015 CGSS data
and found that Internet use significantly contributed to the physical and mental health of
older adults [12]. Li and Ding [13], Yang and Gu [14], and Xu and Lai [15] also reported
the positive impact of Internet use on the population’s health. However, other studies
have reported contrasting results. Niu et al. found that social networking site use had a
significant negative predictive effect on depression in older adults [16]. In the U.S., Matusitz
found that Internet use had a negative impact on the health of the residents, specifically
because Internet use can lead to sedentary, inactive behavior, which in turn puts people
at increased risk of weight gain and its related complications [17]. Furthermore, Hökby
pointed out that the frequency of Internet use and access to Internet use all had a negative
impact on adolescent health [18]. Choi’s survey of 1248 adolescents in Korea found that
excessive Internet use can have a negative impact on adolescent health [19]. Similarly,
Ning et al. found that excessive Internet use can have a negative impact on the health of
rural adolescents [20].

Thus, the above studies indicate that the extant literature has not yet reached a con-
sensus on the connection between the Internet and people’s health. It is worth noting
that some studies have focused on the Internet as a single entity while not differentiating
general Internet use from the use of mobile Internet. However, the majority of Internet
users in China use mobile devices to access the Internet. Thus, this study explores the
relationship between mobile Internet use and health using data from the latest China
Family Panel Studies 2020 (CFPS), with the aim of providing new empirical evidence to
further understand technological advances and their impact on population health.

2. Materials and Methods
2.1. Datq Sources

This study uses data from the latest China Family Panel Studies 2020 (CFPS). The
CFPS is carried out by the Institute of Social Science Survey Center of Peking Univer-
sity, China, with a large sample size and strong representation. CFPS was launched in
2010. The survey covered 25 provinces (municipalities and autonomous regions) across
the country. The CFPS sample is a multi-stage probability sample drawn using the im-
plicit stratification method. The multi-stage sampling design was adopted both to reduce
the operational costs of the survey and to take into account the social contextual differ-
ences in Chinese society. In terms of sampling design, the CFPS database first divides
the 25 provinces/municipalities/autonomous regions in China into two categories: One
category of provinces and municipalities is the inferred sample at the provincial level to
meet the requirements of provincial inference. Five provinces/municipalities were selected
for these data, namely, Liaoning, Shanghai, Henan, Guangdong, and Gansu, also known
as large sample provinces. The second category of provinces/municipalities include the
20 provinces/municipalities/autonomous regions outside the above 5 provinces/munic-
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ipalities. The sample size of this category of provinces/municipalities does not allow for
inference at the provincial level and is also referred to as small sample provinces. The
weighing of the data from these two types of samples provides a valid estimate of the
overall 25 provinces/municipalities/autonomous regions, which can then be used to make
inferences for the entirety of China. The survey involved 16,000 households, and it was
conducted once every 2 years. Only adult data were published for the 2020 CFPS, with
a total of 28,590 adult respondents. The 2020 questionnaire includes modules on basic
information, educational status, income, and health care. The sample was screened, and
responses with missing data and outliers were eliminated, resulting in a valid sample size
of 7962. As CFPS is a national questionnaire, it involves various types of respondents from
different populations, different occupational backgrounds, and different regions. There-
fore, when faced with the limitations of different research questions and various types of
variables, there may be too much data missing. This is still generally representative of the
Chinese population.

2.2. Design

The independent variable in this study is mobile Internet use and the dependent
variable is the self-rated health and mental health of the residents. According to previous
studies [21–23], self-rated health is a reasonable indicator of the population’s comprehensive
judgment of their own health over a long period of time, and the validity of this indicator
has been confirmed by several international and national studies. To better reflect the level
of health, in this study, self-rated and mental health were selected as a comprehensive
measure of health status. In the 2020 CFPS questionnaire, self-rated health is measured
with the question, “How healthy do you consider yourself to be?” The responses are rated
on a 5-point scale with the following options: “very healthy = 1”, “healthy = 2”, “relatively
healthy = 3”, “fair = 4”, and “unhealthy = 5”. Psychological health is measured with the
question, “How often did you feel sad and upset in the past week?” The responses include
“hardly ever = 1”, “sometimes = 2”, “often = 3”, and “most times = 4”. To assess the
explanatory variable, mobile Internet use, the questionnaire includes the question, “Do you
use mobile devices to access the Internet, such as cell phones, tablets, etc.?” The response is
taken on a dichotomous scale of “no = 0” or “yes = 1”. Additionally, as population health
is believed to be affected by other factors, personal characteristics, such as gender and
age, and lifestyle variables, such as the presence of smoking and drinking are included
as control variables. The definitions of the variables and the results of the descriptive
statistical analysis are shown in Table 1.

Table 1. Variable assignment and descriptive statistics.

Variable Definition N Mean SE

Dependent variable

Self-rated health Very healthy = 1, healthy = 2, relatively healthy = 3, Fair = 4,
Unhealthy = 5 7962 2.587 1.023

Mental Health Almost never = 1, sometimes = 2, often = 3, most of the time = 4 7962 1.567 0.642
Independent variable
Mobile Internet Usage No = 0, Yes = 1 7962 0.900 0.300

Control variable
Gender Female = 1, Male = 2 7962 0.334 0.472

Age Unit: years 7962 30.513 8.325
Marital Status Unmarried = 1, in marriage = 2, divorced = 3 7962 - -

Education level Primary and below = 1, Secondary = 2, University = 3, Graduate = 4 7962 - -
Medical Insurance No = 0, Yes = 1 7962 0.868 0.339

Smoking status No = 0, Yes = 1 7962 0.069 0.253
Drinking situation No = 0, Yes = 1 7962 0.046 0.209

Frequency of physical exercise Very little/almost no = 1, less = 2, average = 3, more = 4, many = 5 7962 1.661 1.065
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2.3. Model Design

Since the dependent variable in this paper is a multicategorical variable, an Ordered
Probit regression model is set to analyze the relationship between mobile Internet use
and the physical and mental health of the population [24,25]. The specific model settings
are as follows.

Healthi= α+ βMobile Interneti+γI+εi (1)

In Equation (1), Healthi is the health level of the population, Mobile Interneti indicates
the use of mobile Internet by the population, Di is the control variable that has an effect
on the health status of the population, and εi is a random disturbance term. Limited by
differences in endowment resources, significant heterogeneity can occur in the impact
of Internet use on the health of different populations. To further explore the association
between mobile Internet use and population health, we examined heterogeneity from a
literacy perspective. Similarly, we use the Oprobit regression model for estimation. The
model is shown in Equation (1). Limited by endowment differences, different populations’
Internet use behavior is an independent choice based on their own judgment. Therefore, in
order to reduce bias, this paper uses a propensity score matching (PSM) model to estimate
the net effect of mobile Internet use on population health effects [26,27]. All analyses were
conducted using STATA (version 15.0, StataCorp., College Station, TX, USA).

3. Results
3.1. Baseline Regression Analysis

As seen in Table 2, there is a significant connection between mobile Internet use and
the self-rated health and mental health of the Chinese population. There is a negative
correlation between mobile Internet use and self-rated health. However, there is a positive
correlation between mobile Internet use and the mental health of the population. Models
(a) and (c) include only personal characteristic variables. The results reveal that those using
mobile Internet showed a 0.126 unit change in self-rated health in a negative direction
and a 0.117 unit change in mental health in a positive direction compared to those not
using mobile Internet, and they were significant at 1% and 5% significance levels, respec-
tively. Models (b) and (d), which incorporate all the control variables, show a change of
0.125 units in a negative direction for self-rated health and a 0.118 unit change in a positive
direction for mental health in those using mobile Internet compared to those not using it,
and they are significant at the 1% and 5% levels of significance, respectively. The above
results indicate that mobile Internet use has a significant negative connection with the self-
rated health of the population and a significant positive connection with the population’s
mental health.

Regarding the control variables, in terms of gender, men showed better self-reported
health status than women. In terms of age, self-rated health deteriorated with increasing
age, whereas mental health improved. In terms of marital status, marital status is negatively
associated with the mental health of the population; however, there was no significant
association with marital status on self-rated health. In terms of literacy, higher levels of
education were associated with poorer self-rated health but better mental health. In terms
of lifestyle, smoking was related to poorer health status. Finally, health status increased
with increasing frequency of exercise, indicating that physical activity is an important way
to improve health.

Table 2. Baseline regression results.

Variable
Model (a) Model (b) Model (c) Model (d)

Self-Rated Health Self-Rated Health Mental Health Mental Health

Mobile Internet Usage 0.126 ***
(0.043)

0.125 ***
(0.043)

−0.117 **
(0.046)

−0.118 **
(0.046)
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Table 2. Cont.

Variable
Model (a) Model (b) Model (c) Model (d)

Self-Rated Health Self-Rated Health Mental Health Mental Health

Gender −0.131 ***
(0.026)

−0.152 ***
(0.028)

−0.277 ***
(0.029)

−0.293 ***
(0.031)

Age 0.032 ***
(0.002)

0.032 ***
(0.002)

−0.007 ***
(0.002)

−0.007 ***
(0.002)

Marital Status 0.004
(0.026)

−0.003
(0.027)

0.099 ***
(0.028)

0.097 ***
(0.029)

Education level 0.045 ***
(0.019)

0.048 **
(0.019)

−0.043 **
(0.021)

−0.040 *
(0.021)

Medical
Insurance

0.018
(0.036)

−0.041
(0.039)

Smoking status 0.164 ***
(0.051)

0.098 *
(0.056)

Drinking
situation

−0.062
(0.060)

−0.003
(0.066)

Frequency of physical exercise −0.022 *
(0.012)

−0.009
(0.013)

N 7962 7962 7962 7962
Adj-X2 0.0236 0.0243 0.0094 0.0098

Note: *, **, *** indicate significance at the 10%, 5%, and 1% levels, respectively.

3.2. Robustness Tests

In order to ensure the robustness of the model results, robustness checks were per-
formed using a substitution econometric model approach. Since the dependent variable in
this study is a multicategory variable, the ordered logit model was used as a replacement
model for the analysis. The results of the robustness tests are shown in Table 3. As seen in
Table 3, Models (e) and (g) included only individual characteristic variables, and Models
(f) and (h) included all the control variables; both were significant. In terms of self-rated
health, those using mobile Internet were less healthy than those not using mobile Internet,
indicating that the use of mobile Internet is associated with significantly lower population
health. In contrast, the mental health of those using mobile Internet was better than that of
non-users, indicating that mobile Internet use is associated with better mental health in the
Chinese population. This result is consistent with the results of the benchmark regression,
indicating that the results of the empirical analysis in this study are robust.

Table 3. Robustness test results.

Variable
Models (e) Models (f) Models (g) Models (h)

Self-Rated Health Self-Rated Health Mental Health Mental Health

Mobile Internet Usage 0.243 ***
(0.078)

0.243 ***
(0.078)

−0.139 *
(0.080)

−0.141 *
(0.080)

Gender −0.243 ***
(0.045)

−0.278 ***
(0.049)

−0.495 ***
(0.048)

−0.521 ***
(0.053)

Age 0.057 ***
(0.003)

0.056 ***
(0.003)

−0.013 ***
(0.003)

−0.013 ***
(0.003)

Marital Status 0.007
(0.046)

−0.006
(0.046)

0.173 ***
(0.049)

0.169 ***
(0.049)

Education level 0.083 ***
(0.033)

0.088 ***
(0.034)

−0.060 *
(0.035)

−0.056
(0.035)

Medical
Insurance

0.037
(0.063)

−0.037
(0.067)

Smoking status 0.299 ***
(0.090)

0.163 *
(0.095)
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Table 3. Cont.

Variable
Models (e) Models (f) Models (g) Models (h)

Self-Rated Health Self-Rated Health Mental Health Mental Health

Drinking
situation

−0.119
(0.108)

−0.023
(0.112)

Frequency of physical
exercise

−0.039 *
(0.020)

−0.012
(0.021)

N 7968 7968 7962 7962
Adj-X2 0.0245 0.0253 0.0101 0.0103

Note: *, *** indicate significance at the 10% and 1% levels, respectively.

3.3. Heterogeneity Analysis

Limited by differences in endowment resources, significant heterogeneity can occur
in the impact of Internet use on the health of different populations. To further explore the
association between mobile Internet use and population health, we examined heterogeneity
from a literacy perspective. The results of the heterogeneity analysis are shown in Table 4.
The impact of mobile Internet use on population health differed significantly by the level
of education. The highest level of significance was found in the population with secondary
school education, and it was significant at the 1% level, followed by those with university
education, and these were significant at the 10% level of significance. This suggests that
mobile Internet use significantly reduces the self-rated health of people with secondary
and tertiary education, while it does not have a significant association with people with
primary and lower education and postgraduate education. In terms of mental health,
mobile Internet use was significantly related to better mental health among the secondary
school-educated group, but no significant effect in the other groups was observed.

Table 4. Results of heterogeneity analysis.

Variable

Self-Rated Health Mental Health

Primary
and Below Secondary University Graduate Primary

and Below Secondary University Graduate

Mobile Internet
Usage

0.097
(0.072)

0.152 ***
(0.058)

0.316 *
(0.174)

−1.086
(1.166)

−0.094
(0.077)

−0.107 *
(0.062)

−0.041
(0.187)

1.095
(1.187)

Control
Variables Yes Yes Yes Yes Yes Yes Yes Yes

N 1027 4541 2270 130 1023 4540 2269 130
Adj-R2 0.0166 0.0277 0.0178 0.0404 0.0048 0.0104 0.0106 0.0507

Note: *, *** indicate significance at the 10%, and 1% levels, respectively.

3.4. Endogenous Elimination

Individual mobile Internet use is influenced by a series of factors, including age,
income, and education level; it is an individual choice made by individuals based on their
own endowment resources. Therefore, the model can generate endogeneity problems. To
overcome this problem, this study used a propensity score matching model. Compared
to baseline regression, the PSM model can effectively eliminate the effect of confounding
variables on the estimation results [28,29]. As a result, the relationship between mobile
Internet use and the self-rated health and mental health of the population can be described
more accurately. Drawing on previous studies, four methods, K-nearest neighbor matching,
K-nearest neighbor caliper matching, radius neighbor matching, and kernel matching, were
used for estimation in this study. Additionally, to ensure excellent matching results, a
balance test was performed on the sample phi quality. A significant difference between the
two groups of samples after matching indicates poor matching and vice versa. The results
of the sample matching quality balance test are shown in Table 5.
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Table 5. Sample matching quality balance test.

Variable Before After
Mean Bias

(%)
Reduce Bias

(%)
T-Test

Treated Control t p > |t|

Gender
B 0.339 0.291 10.2

76.7
2.70 0.007

A 0.338 0.349 −2.4 −1.39 0.163

Age B 29.90 36.035 −67.6
81.0

−20.24 0.000
A 29.89 28.734 12.8 8.41 0.000

Marital Status
B 1.703 1.911 −37.3

95.7
−9.61 0.000

A 1.705 1.696 1.6 0.85 0.393

Education level
B 2.254 1.599 106.2

88.2
27.54 0.000

A 2.248 2.171 12.5 7.56 0.709
Medical

Insurance
B 0.867 0.876 −2.6

92.4
−0.70 0.486

A 0.867 0.866 0.2 0.12 0.907

Smoking status B 0.070 0.058 5.1 −2.1
1.31 0.189

A 0.069 0.057 5.2 3.11 0.002
Drinking
situation

B 0.044 0.060 −7.3
92.3

−2.07 0.038
A 0.044 0.043 0.6 0.36 0.716

Frequency of
physical exercise

B 1.692 1.378 31.3
90.4

7.94 0.000
A 1.686 1.656 3.0 1.64 0.101

Note: Treated means treated group; control means control group.

Table 5 shows that all the variables are well matched. Additionally, kernel density
function plots are reported (see Figures 1 and 2). The graph shows that the matched
curves of the treatment and control groups overlap, indicating that the treatment and
control groups are well matched, which effectively eliminates the possibility of sample
selectivity bias.
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Table 6 shows that, using the K-nearest neighbor matching method, the values of
the average treatment effect on the treated for the effects of mobile Internet use on the
self-rated and mental health of the population were 0.057 and −0.087 before matching
and 0.183 and −0.063 after matching, respectively. After controlling for sample selectivity
bias, the net effects of mobile Internet use on the self-rated health and mental health of the
population were 18.3% and 6.3%, respectively. Other matching methods showed similar
results. The net effects of mobile Internet use on population health calculated via K-nearest
neighbor caliper matching, radius neighbor matching, and kernel matching were 19.4%,
19.9%, and 22.7% and 7.2%, 6.7%, and 7.8%, respectively, for self-rated and mental health,
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respectively. The results obtained with propensity score matching is robust. Moreover,
the results show that if endogeneity is addressed, and we will underestimate the negative
association between mobile Internet and population health, whereas the contribution of
mobile Internet use to the mental health of the population would be overestimated.
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Self-Rated Health Mental Health

Treated Control ATT SE Treated Control ATT SE

Before matching 2.581 2.639 0.057 0.038 1.558 1.646 −0.087 0.024
After matching

K-nearest-neighbor matching 2.583 2.399 0.183 0.087 1.559 1.622 −0.063 0.053
K Nearby Caliper Matching 2.583 2.389 0.194 0.085 1.559 1.631 −0.072 0.052
Radius neighbor matching 2.583 2.383 0.199 0.072 1.559 1.626 −0.067 0.044

kernel matching 2.583 2.356 0.227 0.065 1.559 1.637 −0.078 0.040

Note: K-nearest-neighbor matching uses “one-to-four” matching, K-nearest-neighbor caliper matching and radius-
neighbor matching have a radius of 0.01, and the default values of kernel function and bandwidth are used in
kernel matching.

4. Discussion
4.1. Summary of Findings

According to the empirical results, mobile Internet use has a significant negative
association with the self-rated health of the population. This result is inconsistent with the
results of previous related studies [11–13,30]. The possible reasons for this may be, on the
one hand, related to the selection of the data sample and the subjects of the study, and on
the other hand, may be closely linked to the current state of development and the Internet
environment in China. Currently, China’s Internet penetration rate has reached 73%, and
the number of Internet users has reached 1.032 billion, bringing China to the first rank
worldwide in terms of the number of Internet users [31]. While this tremendous growth
in the number of users shows the rapid development of China’s network infrastructure,
it also calls for caution against the potential adverse effects of mobile Internet use. The
Internet is a product of technological advances that have enhanced efficiency and made
people’s lives convenient, but attention should also be paid to its negative effects [32].
First, mobile Internet affects the self-rated health of the population by reducing available
time for daily socialization and exercise. Observation indicates that, with access to mobile
Internet, particularly the currently highly popular short video platforms (APP), people
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tend to spend much of their time browsing the Internet, which greatly eats into the time
that should be spent on communicating with family and friends or engaging in physical
exercise, thus greatly affecting people’s health [31,33]. Second, to attract more traffic, some
mobile Internet platforms create a lot of “fascinating” information, and such “dazzling”
information affects people’s health [34]. This quality of Internet content makes people with
low self-control ability, especially teenagers, become addicted to it and they are unable to
extricate themselves, which has a significant association with population health [35–37].
Contrary to the findings of self-rated health, mobile Internet use was seen to contribute
significantly to the mental health of the population, which is inconsistent with the findings
of some existing studies, such as those by Xie et al., Pantic, and Chambers et al. [38–40].
This may be due to the rapid development of the Internet in China; Internet technology has
changed from rapid development to high-quality development; instead of being satisfied
with low level material enjoyment, users are more interested in the Internet’s spiritual
impact in their lives [41,42]. In particular, in the modern environment with high pressures
of life and work, mobile Internet allows people to read, play, and socialize anytime and
anywhere, breaking through many limitations of time and space [43–45]. This greatly
enriches people’s mental lives, thus enhancing their mental health.

The results indicate significant heterogeneity in the effect of mobile Internet use on the
health of people with different levels of education. The connection of mobile Internet on
the health of people with elementary school education and below was not significant. This
result is similar to the results of Wang’s analysis [46]. This may be because this group is often
excluded from the Internet wave due to their lower education. This indicates that there is a
clear “digital divide” and, therefore, the digital literacy of this group should be improved in
the future [47–49]. Similarly, the results show that the connection of mobile Internet use on
the health of people with graduate education is insignificant, but the contribution effect is
positive. Highly educated people have a strong knowledge reserve and better self-control
abilities. When faced with complex information on the Internet, they can effectively screen
it; thus, the impact on their health is not obvious. In addition, highly educated people
are better equipped to use Internet resources to improve their health by using various
means. Among all users, mobile Internet use has the most significant association with the
health of people with secondary school education. This population tends to have basic
Internet skills but not a very rich knowledge base. Therefore, they are most vulnerable
to the impact of the Internet. When confronted with fascinating information, they can
become addicted to it, which can eventually affect their health. In terms of mental health,
mobile Internet use had a significant association with health improvement for people with
secondary education, but not for other groups. The possible reason for this is that the
Internet is the main entertainment channel for this group of people; thus, Internet use may
improve their mental health.

4.2. Policy Implications

First, the government should issue guidelines on the duration of Internet use and
guide citizens to use the Internet in moderation. According to relevant data, China’s
Internet users spend approximately 28.5 h per week online, with an average of more than
4 h per day in the morning. Therefore, relevant policies should be formulated in the future
to guide the population to access the Internet in moderation. For example, by setting
reminders in mobile apps or cell phones, when the screen use time exceeds a certain limit,
the phone will automatically sound an alarm to guide people to control their time of
Internet use and avoid Internet addiction and dependence. Second, it is advised that the
content created and encouraged by mobile network platforms should be strictly supervised
to create a healthy network environment. To tap into a larger “viewership”, some online
platforms create exaggerated content to attract people’s attention, which leads to people
with poor self-control falling prey to it and become unable to extricate themselves. In
particular, younger people, whose world views and values have not yet matured, are
easily influenced by harmful and exaggerated information. Therefore, the supervision of
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online platforms should be increased in the future to strictly control the dissemination
of undesirable information and block such information from the source to prevent its
harmful association with the self-rated health and mental health of the population. Third,
the population’s Internet skills should be strengthened and their Internet literacy should
be improved. Most Internet users in China reside in rural areas. Limited by literacy and
material conditions, they tend to have low digital literacy and are easily influenced by the
Internet. Therefore, the government should strengthen the Internet skills of users in rural
areas, guide them to access the Internet in a healthy manner, and improve their digital
literacy through training and other means. For example, community-based training can
be conducted from time to time to spread general knowledge of the Internet among the
population and improve their digital literacy level and information screening ability.

4.3. Innovations and Limitations

The innovations of this study are as follows. First, this study empirically examines
the relationship between mobile Internet use and the self-rated health and mental health
of the Chinese population from the perspective of mobile Internet, using the most recent
nationally representative data. This provides new empirical evidence to understand the
relationship between Internet use and health over time. Second, this study takes into
account the sample self-selection problem. The propensity score matching model is used to
eliminate the sample’s selectivity bias, thus ensuring the robustness of the model estimation
results. This study also has some limitations. First, the health status of the population is a
long-term dynamic development process; thus, using cross-sectional data will inevitably
lead to biased results. Therefore, we will further test this relationship in the future using
multi-year tracking data. Second, this study did not examine how different mobile Internet
apps and Internet usage time affect the self-rated health and mental health of the population.
This question will be the focus of studies in future research. Third, in terms of indicator
selection, the measurement questions selected in this paper regarding mobile Internet use
are too general. This may have some measurement error. In addition, in terms of mental
health, we used “feel sad and upset” as a measure, which may not be representative of the
overall mental health of the population. Therefore, these areas are where we will make
further breakthroughs in the future.

5. Conclusions

This study empirically examines the relationship between mobile Internet use and
the self-rated and mental health of the Chinese population using data from the 2020 China
Family Panel Studies. The results showed a significant association between mobile Internet
use and self-rated and mental health. In terms of self-rated health, there was a negative
relationship between mobile Internet use and self-rated health. In terms of mental health,
there was a positive relationship between mobile Internet use and mental health. The
degree of negative impact of mobile Internet use on self-rated health is higher than the
degree of positive impact on mental health. Heterogeneity analysis showed significant
heterogeneity in the effects of mobile Internet use on the health of people with different
levels of education. The association of mobile Internet use on the health of people with
secondary school and university education was more significant than that on people with
elementary school education and below and graduate education. We also performed
robustness tests using a substitution analysis model. The results show that the conclusions
obtained from this study are well robust. In addition, we used a propensity score matching
model to estimate the net effect of mobile Internet use on the demographic impact. The
results show that PSM model is effective in eliminating sample-based bias. If endogenous
problems are not eliminated, the negative relationship of mobile Internet use on the self-
rated health of the population will be underestimated, whereas its contribution to mental
health will be overestimated.
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