Pre prints.org

Article Not peer-reviewed version

Impact of Internet Use on Health Status
in China: Evidence Based on A national
Longitudinal Survey Data

Ma Xinxin ~
Posted Date: 2 August 2024
doi: 10.20944/preprints202408.0114.v1

Keywords: Internet use; Health status; Self-rated health; Mental health; Digital divide; China

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/2621422

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 August 2024 d0i:10.20944/preprints202408.0114.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Impact of Internet Use on Health Status in China:
Evidence Based on A national Longitudinal Survey
Data

Xinxin Ma

Faculty of Economics, Hosei University, 4342 Machita-shi Aiharamachi, Tokyo, 194-0298, Japan;
xxma@hosei.ac.jp; Tel.: +81-42-783-2592

Abstract: Previous studies have examined the impact of Internet use on health in China, but they have not
adequately addressed the issue of reverse causality or conducted a detailed analysis of health status. This study
uses three waves of longitudinal data from the China Family Panel Studies conducted in 2014, 2016, and 2018
to investigate the association between Internet use and health status in China, aiming to address these gaps.
The results indicate that Internet use may improve health status, including self-rated health, mental health, and
outpatient visits. These effects vary by gender and age group: the positive effect of Internet use on health
outcomes is more pronounced for women, and for middle-aged and older generations, compared to men and
younger generations. These findings provide new evidence of the beneficial impact of Internet use on health
outcomes in China, suggesting that policies promoting Internet utilization could enhance individuals” health
status, particularly among women and middle-aged and older populations.
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1. Introduction

According to data from the China Network Internet Information Center (CNNIC), the number
of internet users in China reached 904 million in April 2020 [1], making China the country with the
largest number of internet users worldwide. Correspondingly, an increasing number of studies have
examined the impact of internet use on society, including employment [2,3], income [4], happiness
or life satisfaction [5,6], and health status [7-12] in many countries, including China.

Regarding the impact of internet use on individuals’ health status, the empirical results are
mixed. Several studies suggest that internet use improves health status by enhancing the utilization
of healthcare services [13,14], obtaining more medical information [15], and increasing connections
with others, thereby boosting social capital and social participation [16,17]. On the contrary, some
studies find that internet use has a negative effect on health status. For example, excessive internet
use can lead to mental health disorders, and internet use can reduce face-to-face communication,
which significantly affects mental health [18,19]. Thus, the overall effect of internet use on health is
not clear based on current economic theory and empirical evidence; it should be evaluated through
more empirical studies.

This study examines the association between internet use and five types of health indicators
using three-wave longitudinal data from the China Family Panel Studies (CFPS) conducted in 2014,
2016, and 2018. The results indicate that internet use is positively associated with health status (self-
rated health, mental health, and outpatient care), and these effects differ by gender and age group.
The findings provide new evidence of the positive effect of internet use on health outcomes in China,
a large developing country with a large population and rapid internet development. The empirical
results suggest that policies promoting internet utilization are generally expected to improve
individuals’ health status, particularly among women and middle-aged and older populations.

This study significantly contributes to the related literature in three ways. First, although some
studies have used data from the CFPS and reported that internet use positively affects self-rated
health (SRH), they all performed cross-sectional analyses [11,20-23]. Consequently, econometric
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problems such as the initial value effect (i.e., the effect of a variable’s initial value on its current value)
and reverse causality may still be present in their results. Using three waves of longitudinal survey
data from the China Family Panel Studies (CFPS), this study examines the association between
Internet use and health status, employing a lagged variable of Internet use to address the issue of
reverse causality. Additionally, the study incorporates a lagged variable of health status to control
for the initial value of health status. This approach allows the study to provide more robust evidence
on the relationship between Internet use and health status.

Second, unlike previous studies that concentrated on one type of health status (most commonly
SRH), this study constructs a set of indicators of health outcomes, including SRH, mental health,
chronic diseases diagnosed by a doctor, outpatient visits, and inpatient visits. This comprehensive
set of indicators provides rich evidence on the issue. Specifically, SRH and mental health are used as
indicators of subjective health outcomes, while chronic disease, outpatient and inpatient care are used
as indicators of objective health outcomes. The results thus enrich the understanding of health
outcomes.

Third, although some studies have reported that the impact of internet use differs by age and
urban/rural area group [23], no study has analyzed these differences by gender. This study is the first
to compare the differences in the effects of internet use on health by gender, as well as differences
between age and urban/rural area groups in China.

The remainder of this paper is organized as follows. Section 2 reviews related literature, and
develops four hypotheses for the empirical study. Section 3 introduces the methodology, model, data,
and variable settings. Section 4 reports the econometric analysis results. Section 5 discusses and
explains the empirical results. Finally, Section 6 concludes the study.

2. Literature Review and Hypotheses Development

This study develops four hypotheses to explore the relationship between internet use and health
outcomes in China.

In general, internet use has both positive and negative effects. The positive effects are as follows:

(i) The utilization of healthcare services significantly affects health outcomes [13,14]. According
to medical care demand theory, the utilization of healthcare services is determined by the benefits
and costs of medical care. Besides direct costs (e.g., medical expenses), indirect costs may also affect
the utilization of healthcare services. Internet use can reduce healthcare indirect costs such as travel
costs, arrangement costs, and waiting time to visit a doctor in a clinic/hospital, which may increase
the efficiency of healthcare (indirect cost reduction effect).

(ii) Some empirical studies have reported that there is a problem of information asymmetry in
the medical care market [15,24], which can reduce the efficiency of healthcare service utilization.
Internet use can address this problem by reducing the medical information search cost, encouraging
individuals to acquire more healthcare knowledge, and improving their health outcomes (obtaining
medical information and knowledge effect).

(iii) Based on the social capital hypothesis, internet use can increase connections with others,
social capital, and social participation [16,17]. It has been reported that increased social capital and
social participation can improve health [17,25-27] (increasing social capital and social participation
effect).

On the other hand, internet use also has negative effects on health:

(iv) Longer hours of internet use and addictive behavior can affect sleep and mental health,
especially in the younger generation [7] (problematic use effect).

(v) Internet use may reduce face-to-face communication and crowd out several dimensions of
social capital [28], leading to feelings of loneliness [19] and increasing the probability of developing
mental health disorders [29] (decreasing social capital effect).

Although internet use has both positive and negative effects on health status, we predict that the
positive effects outweigh the negative effects. Hence, Hypothesis 1 (H1) is proposed as follows:

H1: Internet use positively affects health status.
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The gender digital gap in internet access in developed countries emerged in the early stages of
ICT development [30] but has reduced with the increasing diffusion of digital technologies [31]. In
developing countries, women have a significantly lower likelihood of internet access than men, and
this gender disparity in internet use can exacerbate the overall socio-economic gender gap [7,32].
China, a developing country, also faces a gender digital divide [33]. The 45th Statistical Report on the
Development of the Internet in China reveals that the number of internet users in China reached 904
million in April 2020, with women accounting for 48.1% (up from 30.4% in 2000) [1]. These statistics
suggest the existence of a gender disparity in internet access in China. Since there are fewer female
Internet users compared to male users, Internet usage may provide more health benefits for women
who are users than for non-users, and this effect may be greater for women than for men.
Additionally, compared to men, women tend to place a higher value on social connections with
others; therefore, Internet use may significantly enhance social connections among women, which in
turn could improve their health status more than it does for men. Based on this, Hypothesis 2 (H2) is
proposed as follows:

H2: The impact of internet use on health status is greater for women than for men.

Regarding the difference in the impact of Internet use between older and younger generations,
several studies have explored how Internet use improves the health status of older adults [34].
Potential pathways for these effects are considered as follows: First, Internet use may enhance
connections between older individuals and their children, relatives, or others. This increased social
network or social connection may boost their social capital and improve their health status [35].
Second, older people may obtain more medical information through Internet use, which could
improve their health behaviors, such as reducing smoking and drinking and increasing exercise.
Third, with advancements in online appointment systems, Internet use may improve the efficiency
of utilizing medical care services. As the utilization of medical care services (e.g., outpatient,
inpatient) is generally higher among older generations than younger generations, Internet use may
significantly enhance the efficiency of medical care service utilization for older generations more than
for younger generations. Additionally, several studies have found that excessive Internet use
significantly worsens mental health among younger generations [7,36-38]. Therefore, this study
predicts Hypothesis 3 (H3) as follows:

H3: The effect of Internet use on improving health status is greater for middle-aged and older
generations than for younger generation.

In China, the inclusive growth of the economy is severely restricted by income inequality, with
one significant manifestation being the substantial income gap between urban and rural residents
[39]. Lower income levels among rural residents contribute to poorer health status compared to their
urban counterparts. Additionally, there is a digital divide between rural and urban areas [40—43].
Internet infrastructure varies significantly between these areas, with urban areas having higher
internet penetration rates. According to the 45th Statistical Report on the Development of the Internet
in China, the number of internet users in China reached 989 million in June 2020, including 680
million urban residents and 309 million rural residents; the internet penetration rates were 76.4% for
urban residents and 52.3% for rural residents [1]. Both the number of internet users and the
proportion of individuals using the internet are lower among rural residents. Therefore, the positive
impact of Internet use on health status may be greater for rural residents than for urban residents.
However, as the average education level is lower for rural residents compared to urban residents,
their internet use skills may also be lower [43].

Given that internet accessibility and internet use skills are lower among rural residents than
urban residents, the impact of Internet use on improving health status may be smaller for rural
residents than for their urban counterparts. However, compared to urban residents, rural residents
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have less access to medical information and lower levels of healthcare services. Therefore, Internet
use may significantly address information asymmetry, which could lead to greater improvements in
health status for rural residents than for urban residents.

Since these opposing effects may cancel each other out, the difference in the impact of Internet
use on health status between urban and rural residents may be small. Hence, Hypothesis 4 (H4) is
proposed as follows:

H4: The difference in the impact of internet use on health status between urban and rural
residents is small.

3. Empirical Strategy

3.1. Model

As the benchmark, this study uses a logistic regression model to estimate the association
between Internet use and health outcomes, along with a set of covariates:

Hi =a-+ BINTL + Zn 6ani + &, (1)

wherei and n denote the individual and types of covariates.H presents a set of indices of health
status (e.g., SRH, mental health, chronic disease, inpatient care or outpatient care), INT presents the
Internet use variable. X is covariate variable, a is constant term and ¢ is an error term. 8 and §,
are estimated coefficients of Internet use variable and covariates. The results of  are noticed in this
study.

There may exist the reverse causality problem in Eq. (1). For example, Internet use status at time
t might be affected by Internet use status at time t — 1 (e.g., an individual who used Internet in time
t —11is likely to use Internet at time t). This study uses the Internet use status at time t — 1 to mitigate
the reverse causality problem by allowing a one-wave (that is, two-year) lag from Internet use to
health.

There also may exist the initial value problem [44,45]in Eq. (1). For instance, health status at time
t might be affected by health status at time ¢ — 1. To deal with this problem, this study uses a dynamic
model that included health at time t — 1 as an explanatory variable. It also uses the Internet use status
at time t — 1 to mitigate the reverse causality problem by allowing a one-wave (that is, two-year) lag
from Internet use to health.

Overall, this study uses the following dynamic logistic regression model, expressed by Eq. (2).

Hiy = a+pHy_y + BINT;_q + X 6 Xnie—1 + Uies (2)

where t and t — 1 denote a set of survey years (2014 and 2016) or (2016 and 2018), and u is an error
term.

The model is applied not only to the entire sample but also to specific groups based on sex
(women and men), age (1624, 2544, 45-59, and 60 or above), and area of residence (urban and rural)
to examine differences in the impact of Internet use among these various groups.

3.2. Data

This study uses data from the China Family Panel Studies (CFPS), a nationwide longitudinal
survey conducted by Peking University in representative regions of China in 2014, 2016, and 2018.
The study employs the nationwide weight (fswt_nat in CFPS 2010). The CFPS is designed to collect
longitudinal data at the individual, family, and community levels in contemporary China.

The sample for the 2010 CFPS baseline survey was drawn using a multi-stage probability
sampling method with implicit stratification. In the 2010 baseline survey, the CFPS successfully
interviewed approximately 15,000 families and nearly 30,000 individuals within these families, with
an approximate response rate of 79%. Respondents were tracked through annual follow-up surveys.
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The CFPS covered 25 provinces and municipalities in 2010 and expanded to 31 provinces in
subsequent surveys. This study utilizes the latest three waves (2014, 2016, and 2018) of the CFPS,
which included detailed survey items on internet use.

The CFPS provides extensive individual- and household-level information, including health
indices, demographic characteristics, family structure, household income, health behavior, and
enrollment in social insurance, all of which are used in this study.

The sample sizes for the CFPS waves in 2014, 2016, and 2018 were 37,147, 36,892, and 37,354,
respectively. This study focuses on individuals aged 16 years or older in the baseline survey who
participated in at least one of the two follow-up surveys. After excluding respondents with missing
key variables used in the statistical analysis, the total number of samples used in this study is 60,077
(20,024 from 2014, 20,026 from 2016, and 20,027 from 2018). The number of samples used in the
regression analyses varies slightly depending on the model.

3.3. Variable Setting
(1) Health Status Indicators

The key dependent variables in this study are five indices of health status:

(i)Self-Rated Health (SRH)

(ii)Mental Health, including total mental health disorder (TMH) and six specific types of mental
health issues (MH1-6)

(iii)Chronic diseases

(iv)Outpatient care

(v)Inpatient care

All of these variables are binary. This study selects common or similar questions related to
mental health from the three survey waves. The SRH, TMH, and inpatient care indices have been
used in previous literature [12,46]. The specific mental health indicators (MH1-6), chronic disease,
and outpatient care are used in this study for the first time, providing new evidence on these issues.
Higher values indicate poorer health status for all health outcome indices. The indicators for each
health outcome are as follows:

Self-Rated Health (SRH)

Based on a five-point scale question on self-rated health (1=excellent, 2=good,
3=normal, 4= poor, 5=very poor), the binary SRH variable is constructed as 0 =
excellent or good and 1=otherwise.

Mental Health Indicators

For TMH and MH1-6, answers to questions on mental health are categorized.
The questions differ slightly each year, but the common six items selected are:
(i) I find nothing exciting (MH1)

(ii) I feel nervous (MH2)

(iii) I cannot concentrate on things (MH3)

(iv) I feel depressed (MH4)

(v) Ifind it difficult to do anything (MHS5)

(vi) I feel that I cannot continue with my life (MH6)

Based on a five-option scale for responses ("weekly 5-7 days =4, weekly 3—4 days = 3, weekly 1-
2 days =2, weekly less than 1 day or never =1"), scale variables for MH1-6 are constructed. The total
score for MH1-6 (TMH) ranges from 6 to 24. TMH and MHI1-6 is based on the original CFPS
questionnaire, with MH1-6 used for the first time in this study. Higher values indicate a higher
probability of developing a mental health disorder.
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Chronic Diseases

A binary variable for chronic disease is constructed, with 1 assigned to individuals who reported
having one or more diseases diagnosed by doctors and 0 otherwise.

Outpatient and Inpatient Care

Binary variables are constructed for outpatient and inpatient care, with 1 assigned to individuals
who reported experiencing outpatient or inpatient care in the survey year and 0 otherwise.

(2) Internet Use Variable

The key independent variable is the internet usage dummy variable. Based on the question, “Did
you use the internet in the past year?”, internet usage is coded as 1 for “used the internet” and 0 for
“did not use the internet.”

(3) Covariates

Referring to previous studies on health outcomes, this study considers the following covariates,
all of which are likely to affect health outcomes and are available from the CFPS:

Demographic Factors

Numerous studies have reported that age, sex, years of education, and ethnicity affect health
status [11,12,20,36,47,48]. Additionally, in China, Communist Party of China members often have
higher socio-economic status and more social capital (e.g., party membership) [49,50], which may
influence health outcomes. Furthermore, the urban-rural household registration system (hukou)
creates significant disparities between urban and rural residents, such as differences in income [39]
and social security systems, including public health insurance [51]. Therefore, party membership and
urban-rural dummy variables are included in the analysis.

Family Factors

Some empirical studies find that family factors, such as having a spouse and the number of
family members, affect health status [52]. Thus, these factors are controlled in the analysis.

Income Factor
Numerous studies have found that health outcomes differ by income group, and household

income/wealth significantly affects an individual’s health status [53]. This study uses per capita
household income to control for the influence of income on health status.

Health Behavior

Based on health demand theory, some studies investigate the impact of health behaviors on
health status and find that smoking and drinking affect health outcomes [54]. This study includes
variables for smoking (1=smoking, 0=non-smoking), drinking (1=drinking daily, O=otherwise), and
the number of weekly exercise sessions in the analysis.

Institutional Factors
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Numerous empirical studies report that institutional factors, especially public medical
insurance, significantly affect health outcomes [51,55]. The analysis includes dummy variables for
enrollment in pension and medical insurance (1 = enrolled, 0 = otherwise).

Other Factors

Regional disparities in economic development, living conditions, lifestyle, or culture may also
affect health outcomes [56]. This study includes three regional dummy variables (east, central, and
west) to control for regional disparities. Additionally, dummy variables for the survey years (2014,
2016, and 2018) are used to control for economic cycles and trends in health status over time.

4. Descriptive Statistics Results

Table 1 summarizes the key features of the study samples used in the statistical analysis. The
proportion of individuals who reported having used the Internet in the past year was 40.4% in China
from 2014 to 2018. There are notable differences in individual attributes, family structure, household
income, and enrollment in social insurance between Internet users and non-users. For example,
Internet users tend to have more years of schooling, are older, have a lower proportion of women,
and have higher household income compared to non-users. Therefore, these factors should be
controlled in the analysis.

Table 1. Differences in individual characteristics between Internet users and non-users.

(c) Non-
(a)Total (b) User
user Difference
t-test (p-
(b) - (0)
value)
Internet use 0.404
Demographic factors
Education (years) 7.731 10.787 5.625 5.162 0.000
Age (years) 46.517  36.614 53.804 -17.19 0.000
Women 0.496 0.478 0.514 -0.036 0.000
Ethnicity (Han) 0.96 0.94 0.977 -0.037 0.000
Party membership 0.059 0.071 0.05 0.021 0.000
Urban 0.475 0.607 0.391 0.216 0.000
Family factors
Having a spouse 0.89 0.784 0.973 -0.189 0.000
Number of family
4.324 4.293 4.327 -0.034 0.042
members
Household income
16552 22476 12773 9703 0.000
(yuan)
Health behavior
Smoking 0.28 0.284 0.295 -0.011 0.007
Drinking 0.152 0.143 0.168 -0.025 0.000
Exercise (times) 2.209 2.331 2.148 0.183 0.000

Social insurance

Pension 0.464 0.503 0.441 0.062 0.000
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Medical insurance 0.918 0.898 0.932 -0.034 0.000
Regions
East 0.411 0.445 0.396 0.049 0.000
Central 0.297 0.304 0.294 0.010 0.090
West 0.292 0.251 0.31 -0.060 0.000
Survey years
y2014 0.333 0.233 0.377 -0.144 0.000
y2016 0.333 0.339 0.333 0.006 0.090
y2018 0.334 0.428 0.29 0.138 0.000
N 60077 24271 35806

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note Mean values are summarized. The
SD values of age, years of education, number of family members, and per capita household income are shown
in paratheses.

Table 2 presents the unadjusted associations between Internet use in 2016 and health outcomes
in 2018, comparing health outcomes between Internet users and non-users using the entire sample.
High values indicate poorer health outcomes. The results show that Internet use is positively
associated with self-rated health (SRH), total mental health disorder (TMH), mental health indicators
MHS3-6, chronic disease, outpatient visits, and inpatient care. However, it should be noted that these
comparisons are not adjusted for covariates and do not account for potential biases related to cross-
sectional analysis.

Table 2. Unadjusted association between Internet use in 2016 and health outcomes in 2018.

d0i:10.20944/preprints202408.0114.v1

User Non-user

(2016) (2016) Difference t-test N
Health status (2018) (a) (b) (a) = (b) p-value
Self-rated health (SRH: 1-5) 2.756 3.247 -0.491 0.000 37870
Total Mental health (MHT: 6-24) 8.182 8.604 -0.422 0.000 37434
Mental health (MH1: 1-4) 1.435 1.381 0.053 0.000 37453
Mental health (MH2: 1-4) 1.268 1.229 0.039 0.000 37460
Mental health (MH3: 1-4) 1.695 1.816 -0.121 0.000 37467
Mental health (MH4: 1-4) 1.101 1.163 -0.062 0.000 37458
Mental health (MHS5: 1-4) 1.564 1.79 -0.225 0.000 37454
Mental health (MH6: 1-4) 1.118 1.226 -0.108 0.000 37458

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The higher the score, the worse
the health status. MHI: I find nothing exciting; MHI: I find nothing exciting; MH3: I cannot concentrate on
things; MH4: I feel depressed; MH5: I find it difficult to do anything; MH6: I feel that I cannot continue with my
life. The covariates were not controlled.

4. Econometric Analysis Results

4.1. Baseline Results

The basic results using the dynamic LV logistic regression models are summarized in Table 3,
which presents a panel data analysis using the lagged variable (LV) model, controlling for initial
health status in the first wave and Internet use in the prior survey year. The table reports the odds
ratios (ORs) of health status, along with 95% confidence intervals (Cls), in response to Internet use.
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The results show that Internet use has negative and significant associations (p < 0.05) with poor
self-rated health (SRH) (OR: 0.84, 95% CI: 0.78-0.91), mental health indicator MH4 (OR: 0.65, 95% CI:
0.51-0.83), mental health indicator MH5 (OR: 0.83, 95% CI: 0.75-0.92), mental health indicator MH6
(OR: 0.62, 95% CI: 0.49-0.79), and inpatient care (OR: 0.90, 95% CI: 0.80-1.00). The results suggest that
Internet use may reduce the probability of experiencing poor health status, supporting Hypothesis 1.

Table 3. Baseline results.

OR 95% CI N
Self-rated health (SRH) 0.843%+ (0.78,091) 33238
Total mental health (TMH) 0.939 (0.84,1.05) 33155
MH1 0.906 (0.79,1.04) 33204
MH2 1.000 (0.85,1.18) 33228
MH3 1.141%%+ (1.05,1.24) 33229
MH4 0.648%+ (0.51,0.83) 33211
MH5 0.832%** (0.75,0.92) 33219
MH6 0.624%+ (0.49,0.79) 33214
Disease (0-1) 1.0423 (0.95,1.15) 33242
Outpatient (0-1) 0.979 (0.90,1.06) 33242
Inpatient (0-1) 0.900** (0.80,1.00) 33242

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The dynamic LV logistic regression
model was used. The Internet use status in time t-1 was used. Covariates including SHR or MH1-6 in time t-1,
education, age, age squared term, sex, ethnicity, party, urban, household income, number of family members,
marital status, health behavior, social insurance, region (east, central, and west regions), and year dummy

variables were estimated, but they were not expressed in the table. The results are available upon request. ***:

p<0.01; **: p<0.05; *: p<0.1.

This study also employs results from other cross-sectional data analysis methods. The results
are summarized in Appendix Tables Al. The significance and magnitude of the effect are smaller in
the panel data analysis methods (a dynamic LV model in Table 3) compared to the cross-sectional
analysis (Appendix Table A1). This suggests that the initial value problem and reverse causality issue
may significantly affect the impact of Internet use on health status and should be addressed in the
analysis. Consequently, there may be bias in the existing literature that relied solely on cross-sectional
data.

4.2. Results by Heterogenous Group

Tables 4-6 summarize the results obtained from separate estimations by gender, age, and area
group using the dynamic LV model. Table 4 shows that Internet use has significant negative
associations with poor self-rated health (SRH), as well as mental health disorders MH3 and MH4,
and modest negative associations with total mental health (TMH) and MH6 (p < 0.1) for men. For
women, Internet use significantly negatively associates with poor SRH and mental health disorders
MH4-6. The results indicate that Internet use positively impacts health status for both men and
women, with the effect being modestly greater for women than men. These results support
Hypothesis 2.

Table 5 compares the association between Internet use and health by age group. The most
notable finding is that the positive effect of Internet use on self-rated health (SRH) and mental health
is insignificant for the younger generation (aged 1624 years) compared to middle-aged and older
generations (aged 45-59 and 60 and over). Additionally, Internet use significantly increases the
probability of outpatient visits among younger generations (OR: 2.06, p < 0.01). The results suggest

d0i:10.20944/preprints202408.0114.v1


https://doi.org/10.20944/preprints202408.0114.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 August 2024 d0i:10.20944/preprints202408.0114.v1

10

that the impact of Internet use on improving health status is greater for middle-aged and older
generations than for the younger generation. These findings support Hypothesis 3.

Table 6 compares the association between Internet use and health in urban and rural area
groups. The results show that Internet use has significantly negative associations with poor SRH for
both urban and rural area groups, significantly negative associations with mental health disorders of
MHS5 and MHS6, and modestly negative associations with mental health disorders of MH4 (p < 0.1)
for the urban group. For the rural group, Internet use has significantly negative associations with
mental health disorders of MH4 and MH6, and significantly negative associations with outpatient
visits for the urban group and inpatient visits for the rural group. In sum, Internet use has a positive
effect on improving the health status of both urban and rural groups, and the differences in the impact
of Internet use on health status between urban and rural residents are small. These results support
Hypothesis 4.

This study also employed estimations using the interaction term of Internet use and each group
dummy variable (see Appendix Tables A2-A4). The results confirmed the above findings, supporting
Hypotheses 2, 3, and 4 again.

Table 4. Results by gender.

Men Women
OR 95% CI OR 95% CI
SRH 0.833*** (0.75, 0.93) 0.849***  (0.76, 0.95)
TMH 0.874* (0.74, 1.03) 0.985 (0.85, 1.14)
MH1 0.859 (0.69, 1.06) 0.939 (0.78, 1.13)
MH2 0.984 (0.77, 1.25) 1.008 (0.80, 1.27)
MH3 1.222%%% (1.07, 1.39) 1.061 (0.95, 1.19)
MH4 0.662** (0.46, 0.96) 0.649**  (0.47,0.90)
MH5 0.913 (0.79, 1.06) 0.749***  (0.65, 0.87)
MH6 0.707* (0.50, 1.00) 0.579***  (0.42, 0.80)
Disease (0-1) 1.013 (0.88, 1.16) 1.062 (0.93, 1.21)
Outpatient (0-1) 0.967 (0.85, 1.09) 0.993 (0.89, 1.11)
Inpatient (0-1) 0.889 (0.76, 1.04) 0.919 (0.79, 1.07)

Source Calculated based on the data from CFPS of 2014, 2016, and 2018.Note The dynamic LV logistic regression
model was used. The Internet use status in time t-1 was used. Covariates including SHR or MH1-6 in t-1 time,
education, age, age squared term, ethnicity, party, urban, household income, number of family members, marital
status, health behavior, social insurance, region (east, central, and west regions), and year dummy variables were

estimated, but they were not expressed in the table. The results are available upon request. ***: p<0.01; **:
p<0.05; *: p<0.1.

Table 5. Results by age.

Aged 16-24 Aged 25-44 Aged45-59 Aged 60 or above
OR 95% CI OR 95% CI OR 95% CI OR 95% CI
SRH 1.151  (0.67,1.98)  0.900*  (0.79,1.02) 0.842*** (0.74,0.95) 0.672*** (0.54, 0.84)
TMH 1732 (0.84,359) 0875  (0.73,1.05) 0.91 (0.77,1.08)  0.701*  (0.47,1.03)
MH1 1.069  (0.44,2.57) 0.84  (0.66,1.05) 0957 (0.77,1.18)  0.676  (0.42,1.10)
MH2 1192  (0.47,297) 0905 (0.68,1.20)  1.005 (0.78,1.29)  0.907  (0.50, 1.64)

MH3 1.328 (0.81,2.18) 1.134* (0.98,1.30) 1.172* (1.03,1.34) 0.773* (0.59,1.01)
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MH4 0.271*  (0.06,1.15) 0.577*** (0.38,0.87)  0.730*  (0.51, 1.04) 0942  (0.47,1.91)
MH5 1.623  (0.75,3.50) 0.856* (0.72,1.02) 0.825** (0.70,0.97) 0.722**  (0.53, 0.98)
MH6 0.706  (0.19,2.58)  0.630**  (0.43,0.92) 0.608** (0.42, 0.88) 049  (0.19,1.22)
Disease
(0-1) 0.962 0.47,1.97)  1.215* (1.01, 1.46) 1.023 (0.89,1.78) 0937  (0.75,1.17)
Outpatient
0-1) 2.055*** (1.17,3.59) 0978  (0.82,1.12) 0955 (0.84,1.87) 0.832  (0.65, 1.05)
Inpatient
0-1) 0.903  (0.49,1.65)  0.884  (0.73,1.08) 096  (0.87,1.13) 0.966  (0.75,1.24)

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The dynamic LV logistic regression
model was used. The Internet use status in time t-1 was used. Covariates including SHR or MH1-6 in t-1 time,
education, sex, ethnicity, party, urban, household income, number of family members, marital status, health
behavior, social insurance, region (east, central, and west regions), and year dummy variables were estimated,
but they were not expressed in the table. The results are available upon request. ***: p<0.01; **: p<0.05; *: p<0.1.

Table 6. Results by urban and rural residents.

Urban Rural
OR 95% CI OR 95% CI
SRH 0.824*** (0.74, 0.91) 0.854** (0.76, 0.96)
T™MH 0.904 (0.77, 1.05) 0.973 (0.83, 1.35)
MH1 0.862 (0.71, 1.05) 0.941 (0.77, 1.15)
MH2 0.91 (0.71, 1.16) 1.067 (0.84, 1.35)
MH3 0.114* (0.99, 1.25) 1.199*** (1.05, 1.37)
MH4 0.704* (0.49, 1.019 0.609*** (0.43, 0.86)
MH5 0.790*** (0.68, 0.92) 0.915 (0.79, 1.06)
MH6 0.617*** (0.44, 0.87) 0.610*** (0.44, 0.87)
Disease (0-1) 0.995 (0.88, 1.24) 1.118 (0.96, 1.30)
Outpatient (0-1) 0.893** (0.80, 1.00) 1.093 (0.96, 1.24)
Inpatient (0-1) 0.952 (0.83, 1.10) 0.829** (0.67, 0.99)

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The dynamic LV logistic regression
model was used. The Internet use status in time t-1 was used. Covariates including SHR or MH1-6 in t-1 time,
education, age, age squared term, sex, ethnicity, party, household income, number of family members, marital
status, health behavior, social insurance, region (east, central, and west regions) and year dummy variables were
estimated, but they were not expressed in the table. The results are available upon request. ***: p<0.01; **:
p<0.05; *: p<0.1.

Discussions

This study examined the effects of Internet use on health status in China from 2014 to 2018. The
empirical analysis, based on three waves of longitudinal data, indicated that Internet use has
significant positive associations with SRH. The results for SRH are generally in line with the positive
findings from previous studies in China using cross-sectional data analysis methods [20,22,23] and a
study that only used two waves of longitudinal data [11], which did not fully control for statistical
biases.

Regarding the association between Internet use and other health outcomes (i.e., chronic disease,
MH1~6, outpatient visit), which were estimated in this study for the first time for China, the results
indicate that Internet use may reduce the probability of developing a mental health disorder. These
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findings contribute to the literature on the association between Internet use and health outcomes from
multiple perspectives. In 2017, it was reported that 792 million people lived with a mental health
disorder, representing 10.7% of the global population, which is slightly more than one in ten people
worldwide [57]. The World Health Organization (WHO) reported that 54 million people in China
suffered from depression and about 41 million from anxiety disorders [58], and the proportion of
people with mental health disorders in China was more than 12% of the global total. In addition to
increasing public health care expenditure on the treatment of mental health disorders, the results
suggest that policies promoting the digital economy and expanding Internet penetration may
contribute to improving mental health status.

The empirical results indicate that the positive effect of Internet use is modestly more significant
for women than for men, suggesting that Internet use may significantly improve health status
(especially mental health) to a greater extent for women. It is argued that a gender digital gap exists
in Internet access that arose in developed countries in the early stages of ICT development [30,59].
According to data from the CNNIC, the proportion of Internet users in China was smaller for women
than for men [1]. Thus, policies aimed at reducing the gender gap in Internet accessibility may
contribute to improving women's health status more significantly in the future, thereby enhancing
the nation’s overall well-being.

The results also indicate disparities in the effects of Internet use among age groups. The positive
effect of Internet use on health outcomes is greater for middle-aged and older generations. This may
be because the problem of addictive use (overuse) of the Internet is more serious among younger
generations compared to other age generations, as teenagers have a weaker ability to control Internet
addiction than adults. A systematic review study [7] reported a link between excessive social media
use and negative health outcomes in youth worldwide. It is also argued that in China, Internet
gaming addiction and prolonged smartphone use harm the mental health of adolescents [60,61].
Using data from the CFPS of 2016, this study calculated the frequency score of Internet use for
entertainment based on an eight-scale question (everyday=7, never=0). The scores were 4.18 for the
group aged 11-24, 2.40 for the group aged 25-49, and 0.42 for the group aged 50 and above, suggesting
that the younger populations spend more time on Internet use for entertainment than the middle-
aged and older populations do. Therefore, the Chinese government should consider policies to
address the younger populations” problematic use of the Internet.

In light of the results of this study, it is expected that policies promoting Internet development
may improve the nation’s health status. To reduce digital divide problems, the Chinese government
should consider policies for reducing problematic Internet use among teenagers, promoting Internet
infrastructure expansion in rural areas, and reducing gender disparities and urban-rural gaps in
Internet access and educational attainment. These policies are expected to bridge the digital divides
between disadvantaged groups (e.g., women, rural residents, older generation) and advantaged
groups (e.g., men, urban residents, younger generation), which may enhance sustainable societal
development from a long-term perspective.

Conclusions

This study concludes that Internet use tends to improve health status across China, with the
positive effects being greater for women, and middle-aged and older generations than for men and
younger generations, based on three-wave longitudinal data from 2014 to 2018.

This study has several limitations. First, although we used a dynamic LV model to address the
initial value problem and reverse causality issue, the endogeneity problem could not be fully
addressed. Future research should explore using other econometric models (the Difference-in-
Differences, Instrumental Variable methods, etc.) to investigate the causal association between
Internet use and health status. Second, this study did not identify the channels through which
Internet use affects health status, which should be investigated in more in-depth analyses. Third, as
no policy reforms related to Internet use occurred during the period 2014-2018, this study could not
examine the effect of Internet promotion policies on health outcomes. This presents another avenue
for future research.
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Despite these limitations, the current study, which leverages three waves of national
longitudinal data, provides new insights into the association between Internet use and health
outcomes from both nationwide and subgroup perspectives. The Chinese experience may also offer
valuable lessons for other countries aiming to improve national health outcomes in the digital
economy era worldwide.
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Appendix A

Table A1. Results using cross-sectional data.

regression (1) Pooling (2) Pooling regression +covariates
Coef. 95% CI N Coef. 95% CI N
SRH  -0.473*** (-0.49,0.45) 57895 0.024* (-0.004,0.05) 50570
TMH -0.469*** (-0.52, -0.42) 57793  0.126*** (0.06,0.20) 50486
MH1 -0.009*** (-0.02,0.004) 57852  0.054*** (0.04,0.07) 50533
MH2  -0.027%** (-0.04, -0.02) 57879  0.030*** (0.02,0.05) 50556
MH3  -0.068*** (-0.08, -0.05) 57887  0.052%** (0.03,0.07) 50557
MH4 -0.088*** (-0.10, -0.08) 57855  0.000*** (-0.01,0.01) 50540
MH5 -0.157%** (-0.18,-0.14) 57870  0.005*** (-0.02,0.02) 50549
MH6 -0.125*** (-0.13,-0.16) 57864 -0.015** (-0.03,0.001) 50544

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The logistic regression model was
used. Covariates including SHR or MH1-6, education, age, age squared term, sex, ethnicity, party, urban,
household income, family number, married, health behavior, social insurance, region and year dummy variables
were estimated, but they were not expressed in the table. The results are available upon request. **: p<0.01; **:
p<0.05; *: p<0.1.

Table A2. Differences in Internet use effect on health status by sex.
@

Female

OR 95% CI OR 95% CI OR 95% CI N

(1) Internet_t-1 (3) Internet_t-1xFemale
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(0.81, Loee (112

SRH_t 0.901** 099 7, 131  0.884* (0.78, 1.00) 32731
) )
(0.89, o (136,

TMHt— 1.027 119 7 169 0953 (081, 1.12) 32696
) )
(0.81, Loy (140,

MHI1_t 0.978 118 U7, 1.88  0.931 (0.75, 1.15) 32696
) )
(0.94, (1.05,

MH2_t 1.167 144 1.244* 148 0.836 (0.65, 1.07) 32720
) )
(1.24, (1.80,

%% *%

ViR 155 171 216  0.697* (0.61, 0.97) 32721
) )
(051, (1.05,

MH4_t 0.721* 101  1.287* 158 1.037 (0.69, 1.56) 32712
) )
(0.87, (118,

MH5_t 0.993 113 1.296* 142 0760 (0.64, 0.89) 32712
) )
(0.54, Lapgn (114

MH6_t 0.743* 102 77, 1.66 0.908 (0.62, 1.34) 32707
) )
(0.92, (0.86,

LSt  1.1883 152 1.066 131 0.811 (0.59, 1.11) 33219
) )

Note The dynamic LV logistic regression model was used. The Internet use status in time t-1 was used.
Covariates including SHR or MH1-6 in time t-1, education, age, age squared term, ethnicity, party, urban,
household income, number of family number, marital status, health behavior, social insurance, region (east,
central, west regions) and year dummy variables were estimated, but they were not expressed in the table. The
results are available upon request. Internet_t-1xFemale represents the interaction term of Internet use in time t-
1 and female dummy. ***: p<0.01; **: p<0.05; *: p<0.1.

Table A3. Differences in Internet use effect on health status between younger and middle-aged and
older age groups.

(1) Internet_t-1 (2) Age60+ ®) » Aglerggefnet—t'
OR 95% CI OR 95% CI OR 95%CI N
SRH  0.630* (058 0.68) 1330  (123,143) 1155  (0.92 1.44) 32731
TMH  0.869** (0.78 0.96) 1.077 (097,112) 0798  (0.54,1.18) 33155
MHI  0.879*  (0.78,1.00) 1.099 (096,1.25) 0758  (0.47,1.23) 3269
MH2 0943  (0.80,1.10) 0.988 (0.85,1.15) 0.894  (0.50,1.61) 32720
MH3 0974 (085 1.06) 1319 (122, 143) 0759*  (0.580.99) 32721
MH4 0548 (043,070) 1.036 (086,125) 2073  (1.01,4.24) 32704
MH5 0.651** (059,072) 1338 (122, 146) 118 (0.8 1.61) 32712
MH6 0554 (044,070) 1.035 (088,122) 1.09%  (0.47,2.75) 32707

LS 1.027 (0.85,1.24)  0.584*** (0.47,0.72)  2.130*  (1.04,4.33) 33219

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The dynamic LV logistic regression
model was used. The Internet use status in time t-1 was used. Covariates including SHR or MH1-6 in time t-1,
education, sex, ethnicity, party, urban, household income, number of family members, marital status, health

behavior, social insurance, region (east, central, west regions) and year dummy variables were estimated, but
they were not expressed in the table. Internet_t-1xAge 60+ represents the interaction term of Internet use in time
t-1 and the group aged 60 and over dummy. The results are available upon request. ***: p<0.01; **: p<0.05; *: p<0.1.
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Table A4. Differences in internet use effect on health status between urban and rural residents.

(1) Internet_t-1 (2) Urban (3)1xUﬂ)anIntemet—t'

OR 95% CI OR 95% CI OR 95% CI N
SRH  0.840*  (0.75,0.94)  1.004 (094,1.07)  1.012 (0.89,1.15) 32731
TMH 0914 079,1.05)  0.796**  (0.73,0.87)  1.192* (101, 141) 33155
MHI ~ 0.849* (078 1.12)  0.790**  (0.70,0.89)  1.216* (098,1.51) 32696
MH2 0926 (074 1.15) 0772  (0.67,0.89) 1329  (1.03,1.72) 32720
MH3  1.109* (098, 1.25)  1.018 (095,1.09)  1.05 (092,1.20) 32721
MH4  0.694*  (050,0.97)  0.902 076,1.07) 112 (0.74,1.68) 32704
MH5  0.875* (0.76,1.01)  0.858**  (0.79,0.93)  0.987 (0.83,1.17) 32712
MH6 — 0.637%*  (046,0.87)  0.889 (076,1.03) 1215 (0.81,1.88) 32707
LS 1.044 (075,1.37)  1.028 (0.86,1.22)  1.066 (0.77,1.47) 33219

Source Calculated based on the data from CFPS of 2014, 2016, and 2018. Note The dynamic LV logistic regression
model was used. The Internet use status in time t-1 was used. Covariates including SHR or MH1-6 in time t-1,
education, age, age squared term, sex, ethnicity, party, household income, number of family member, marital
status, health behavior, social insurance, region (east, central, and west regions) and year dummy variables were
estimated, but they were not expressed in the table. The results are available upon request. Internet_t-1xUrban
represents the interaction term of Internet use in time t-1 and urban resident dummy. ***: p<0.01; **: p<0.05; *:
p<0.1.
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