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Abstract

:

The widespread use of the Internet has a substantial impact on people’s livelihoods, including health-related factors. Whether this impact is beneficial or harmful to people’s health remains unclear. Some cross-sectional studies found static differences in the health status between Internet users and nonusers, whereas panel data studies found dynamic changes in an individuals’ health over time, making the issue, including its causality, controversial. Therefore, we aimed to clarify the association between the use of the Internet and people’s health from both static and dynamic aspects. Data were obtained for 46,460 adults from the China Family Panel Studies in 2014, 2016, and 2018. The analysis applied a logistic regression hybrid model with self-rated health as the dependent variable and Internet use as the main independent variable. In the hybrid model, time-varying independent variables were decomposed into between-individual (static) differences and within-individual (dynamic) changes over time. The results indicated that the between-individual coefficient of Internet use was significantly positive, but the within-individual coefficient was not, i.e., Internet users felt healthier than nonusers from the static aspect but starting to use the Internet did not increase the self-rated health from the dynamic aspect. These findings suggest that attention is needed in order to not confuse the static differences with dynamic change regarding the causality between Internet use and self-rated health.
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1. Introduction


Recently, remarkable advances in Internet technology have been accompanied by rapid increases in the number of Internet users. In China, there were 1.03 billion Internet users in December 2021, an increase of 0.26 billion since December 2017. During these 4 years, the annual growth rate of Internet users was 7.5% and the penetration rate in the population rose from 55.8% to 73.0% [1]. Such widespread Internet use has a large impact on people’s livelihoods, including the health-related factors, because it enables an easier access to health information and health care, such as making doctor’s appointments, purchasing medication, and even receiving medical consultations online [2,3].



The Chinese government has attempted to improve the health level of the public through the Internet. A blueprint for improving the population’s health was released by the state council, the People’s Republic of China, in 2016, entitled “The Healthy China 2030” [4]. According to The Healthy China 2030, several policies have been proposed via the Internet to enhance the quality of medical services, information, and other aspects. Such policies aimed to (1) promote the integration of health, retirement, tourism, the Internet, and others; (2) develop Internet-based health services; (3) establish and promote a standard for “Internet + health care” services; (4) develop a smart information technology for medical use; and (5) comprehensively expand the application of large-scale health care data in the governance of industry, and for clinical and scientific research, public health, and education.



In addition, regular Internet users are more likely than non-regular Internet users to live a healthier lifestyle [5], and frequent Internet users have shown better self-rated health than less frequent users [6]. However, Internet use is also associated with a number of side effects. Some cross-sectional studies have found that heavy Internet users engage in fewer health-promoting behaviors and more risky behaviors than do light Internet users [7] and have poorer self-rated mental health [8]. Further, users addicted to the Internet have shown worse physical, mental, and social health [9]. Meanwhile, a study found that the increasing frequency of using the Internet had no significant effect on one’s depression levels using a panel fixed-effects model (an estimator of the panel fixed-effects model is also known as a within-estimator) [10]. Therefore, the association between the use of the Internet and the users’ health remains controversial. There is clearly a need for further research regarding the relationship between the use of the Internet and an individuals’ health status.



It is well known that cross-sectional analyses can reveal differences between survey subjects but cannot detect causality. By contrast, panel data analysis, especially using a fixed-effects model, can handle changes in variables within survey subjects over time, which approaches a causal relationship more closely than cross-sectional analyses. However, fixed-effects models fully exclude the components of differences between survey subjects from the analysis, and this prevents the association of variation across subjects since the outcomes are undetectable [11]. Therefore, the purpose of this study was to clarify the association between Internet usage and health among the public in China from two aspects: “static” differences and “dynamic” changes over time. In this study, the static aspect identifies the effect of the independent variables on the dependent variable between individuals at a point in time. The dynamic aspect identifies the effect of the independent variables on the dependent variable within individuals over time. As a consequence, the results of the static aspect are similar to those of the cross-sectional data analysis, which indicates the differences between individuals. The results of the dynamic aspect are equivalent to those of the panel fixed-effects analysis, which indicate the changes within individuals over time. Based on previous studies [5,6,7,8,9,10], there is still ambiguity about how the use of the Internet affects one’s health status. Thus, in this study, we intend to examine whether there are differences in the self-rated health between Internet users and nonusers in the static aspect. Additionally, while “The Healthy China 2030” policy has proposed using the Internet to improve the health status of the population, it should be investigated whether the use of the Internet improves the population’s health over time from the dynamic aspect.



Concretely, we hypothesized the following: (1) Internet users are in better health than nonusers (from the aspect of static variation), and (2) starting to use the Internet (changing from a non-Internet user to an Internet user) improves an individuals’ health status (from the aspect of dynamic change). The findings of these research projects are expected to contribute to the development of the Chinese public health policy.




2. Materials and Methods


2.1. Data and Sample


We obtained survey data from the China Family Panel Studies (CFPS). These have been conducted biennially by the Institute of Social Science Survey at Peking University, since 2010. The CFPS are national longitudinal social surveys conducted to investigate the recent changes in the Chinese society, economy, population, education, and health. The data cover 25 provinces, municipalities, and autonomous regions in China (excluding Hong Kong, Macao, Taiwan, Xinjiang, Tibet, Qinghai, Inner Mongolia, Ningxia, and Hainan), which contain 95% of China’s population; therefore, it is nationally representative in substance [12]. In the CFPS, the target sample was 16,000 households and included all individuals living in those households, consisting of both family and nonfamily members, such as domestic helpers. The CFPS is a panel survey that, in principle, tracks family members in the subsequent survey. However, some individuals drop out because of reasons such as death or moving out of the community, while newborn and adopted children are added. The CFPS data are available to academic researchers and public policymakers [13]. We used the CFPS adult dataset for three waves in 2014, 2016, and 2018, in which the subjects were aged 16 years and over. In each of the three waves, “self-rated health”, one of the questionnaire’s items of concern, was coded in the same way. The numbers of adult respondents in 2014, 2016, and 2018 were 37,147, 36,892, and 37,354, respectively [14,15,16]. The total number of adult respondents throughout the three waves was 46,896 after verifying identical persons.



Before the CFPS interviews, the interviewers provided explanations about the survey, especially in regard to its confidentiality, to every participant [17], and those who consented to answer participated in the survey [13].




2.2. Dependent Variable


As the outcome indicator, we used self-rated health, which has frequently been used as a health measure [18,19,20,21]. The question item for self-rated health was “How would you rate your health status?”, and the answer choices were “Excellent”, “Very good”, “Good”, “Fair”, and “Poor” [22]. This five-point scale was transformed into a dummy variable, which was assigned a score of 1 for responses of “Excellent”, “Very good”, or “Good”, and 0 otherwise, for entry into binary logistic regression analysis in line with a previous study [23].




2.3. Independent Variables


As the key issue of this study was the influence of Internet usage on self-rated health, we set the time-varying use of the Internet as the main independent variable (use = 1, do not use = 0). For the other independent variables, we selected 13 kinds of time-varying and two kinds of time-invariant variables from the questionnaire items. The 13 kinds of time-varying variables consisted of five dummy variables, two ordinal variables, five continuous variables, and one categorical variable. The five dummy variables were marital status (married/have a spouse/cohabiting = 1, otherwise = 0; “otherwise = 0” is omitted hereafter), smoking (smoked cigarettes in the past month = 1), alcohol drinking (drank alcohol at least three times a week in the past month = 1), public health insurance (enrolled = 1), and residential area (urban = 1, rural = 0). The two ordinal variables were self-rated relative to income and self-rated social status, both of which were on a five-point scale from 1 (very low) to 5 (very high). We divided each ordinal variable into five dummy variables by points. The five continuous variables were daily sleeping hours, the frequency of physical exercise in the past week, personal income (CNY; 1 CNY ≈ 0.14 USD), and height and weight. We created the square term of daily sleeping hours and transformed the participants’ income logarithmically. From the participants’ height and weight, we calculated the body mass index (BMI) and created two dummy variables: “overweight” (more than 25.0 kg/m2 = 1) and “underweight” (less than 18.5 kg/m2 = 1). We changed the one categorical variable, educational attainment, into a continuous variable: “years of education”. For example, we converted “high school graduates” into 12 years of education. The two kinds of time-invariant variables were the respondents’ age in 2016 (equivalent to birth cohort) and his/her gender dummy (man = 1). We also created the square term of the respondents’ ages. In addition to the abovementioned variables, we also created two survey wave dummies: wave in 2016 and wave in 2018.



Moreover, time-varying independent variables, including Internet usage, were decomposed into two components: between-individual differences and within-individual changes. In the panel dataset, the identical individuals were repeatedly observed over three waves, in essence. First, we calculated the means of each time-varying variable over time for every individual, which represented the between-individual differences (i.e., static differences) in the variable-like values of the cross-sectional data. Second, we subtracted the individual-specific means from the observed values of each variable for every individual, which represented the within-individual changes (i.e., dynamic changes) in each variable over time [11].




2.4. Statistical Analyses


Among the 46,896 adult respondents in the three waves, 46,886 provided answers on self-rated health at least once, 35,552 two or three times, and 22,091 three times. Meanwhile, many missing values were seen throughout the dataset, so we performed multiple imputation (MI) to fill in the missing values. The MI procedure fills in each missing value with a plausible value estimate based on all of the non-missing values of all of the variables in the dataset [24,25]. We repeated the random imputation process 100 times, and then 100 imputed datasets were generated. After 100 imputation processes, all of the variable transformations mentioned above were made, such as binarizing ordinal variables, creating square terms, performing log-transformations, preparing new dummy variables, and decomposing time-varying variables.



Subsequently, using the 100 imputed datasets, we conducted two logistic regression models—a null model and a full model—with binarized self-rated health as the dependent variable. The null model had no independent variables except the constant terms. In the full model, the independent variables were the between- and within-individual variables derived from the use of the Internet and 13 other kinds of time-varying variables, two kinds of time-invariant variables, and two survey wave dummies. A panel data analysis model with both between- and within-individual independent variables is called a hybrid model [11]. Furthermore, the square terms of daily sleeping hours and age were entered into the full model together with the linear terms. Concurrently, the log-transformed income, overweight and underweight dummies, and dummy variables divided from the ordinal scales were entered instead of the respondents’ income, their height and weight, and ordinal scales of self-rated relative income and social status, in that order.



In the context of MI, a regression analysis is conducted separately on each imputed dataset, and the 100 regression results are combined into a single result [24,25]. All statistical procedures were performed using Stata release 16.1 (StataCorp, College Station, TX, USA).





3. Results


3.1. Descriptive Statistics


Regarding the descriptive statistics (Table 1), among 37,147, 36,892, and 37,354 respondents in 2014, 2016, and 2018, respectively, over 30,000 valid responses were received, covering most of the questionnaire items. However, fewer than 30,000 respondents validly answered the item for their income in 2016 and in 2018, educational attainment in 2018, self-rated relative income in 2014 and 2018, public health insurance in 2018, and both height and weight (relevant to their BMI) in 2018. Regarding self-rated health, the percentages of those who answered “Excellent”, “Very good”, or “Good” averaged about 70% over the three waves. The percentage of Internet usage showed an increasing trend, from 29.9% in 2014 to 53.1% in 2018.



The mean age of the respondents was around 46 years over the three waves. From 2014 to 2018, education and the frequency of physical exercise in the past week increased from 7.5 to 8.2 years and from 1.8 to 2.6 times, respectively. The mean percentage of those who resided in an urban area was about 48% until 2016 and increased to 51% in 2018. The respondents’ daily sleeping time was approximately 7.8 h throughout the three waves. Those who were married, had a spouse, or cohabited accounted for more than 70% of the respondents. Those who had smoked in the past month, had drunk more than three times a week in the past month, and who were enrolled in public health insurance accounted for more than 70%, about 15%, and about 91% of respondents in each wave, respectively. The prevalence of those who were overweight increased from 22.5% in 2014 to 26.5% in 2018, while those of the respondents who were a normal weight and underweight decreased from 68.0% to 64.9% and from 9.5% to 8.7% during the same period, respectively. The mean income was volatile: it was CNY 9022.7 in 2014, CNY 21,768.4 in 2016, and CNY 18,803.3 in 2018. Regarding the self-rated relative income, the percentage of those who answered “Very high” or “High” averaged around 10% until 2016 and increased to 22.9% in 2018. Conversely, those who answered “Low” or “Very low” averaged between 43% and 51% until 2016, and then decreased to 30.1% in 2018. Regarding the self-rated social status, no clear trend was observed, as the percentage of those who answered “Very high” or “High” varied from 20.2% to 29.7%, while the percentage of those who answered “Low” or “Very low” varied from 24.1% to 34.2%.




3.2. Regression Results


The results of the null model (Table 2) revealed a ρ value of 0.594, which means that the within-individual components (dynamic aspect) determined 40.6% (=1 − 0.594) of the total variance of the dependent variable (self-rated health), and the between-individual components (static aspect) 59.4%.



The results of the hybrid model with MI (Table 3) showed that the between-individual coefficient was 0.342 and significant regarding the main independent variable, Internet usage, while the within-individual coefficient was positive and not significant. Regarding smoking and years of education, the between-individual coefficients were significantly positive and the within-individual coefficients were insignificantly positive. Besides, the overweight dummy had a significantly negative between-individual coefficient and a non-significantly negative within-individual coefficient. Regarding the drinking, sleeping hours, physical exercise, log-transformed income, the four dummies of the self-rated income level, and the four dummies of the self-rated social status, both the between- and within-individual coefficients were significantly positive, but only the within-individual coefficient for drinking was significant at the 10% level. In addition, the largest coefficient value of the self-rated income level was very high, followed by high, medium, and low, in that order, regarding both the between- and within-individual components. The coefficient values of the self-rated social status also aligned in the same order in both aspects of the between- and within-individual components. The underweight dummy and the square of sleeping hours were significantly negative regarding both the between- and within-individual coefficients. Based on the coefficients of the linear and square terms, the within- and between-individual sleeping hours were positively correlated with the dependent variable for less than 9.2 and 8.5 h, respectively, and negatively correlated for more than 9.2 and 8.5 h, respectively. Public health insurance had a non-significantly negative between-individual coefficient and a significantly positive within-individual coefficient at the 10% level. Regarding variables with no distinction between the between- and within-individual components, the male gender and the square of age had significantly positive coefficients, and age had significantly negative coefficients. The respondents’ age was negatively correlated with the dependent variable at younger than 90.3 years and positively at older than 90.3 years.




3.3. Sensitivity Analysis


Regarding the sensitivity analysis, we conducted another full model without MI (Table 4). Comparing the results of the two full models with and without MI, the number of observations increased from 53,113 to 139,376, and the number of individuals rose from 34,073 to 46,460 by MI. No gaps between the coefficient estimators of both models were observed. All of the standard errors were reduced after MI, probably because of the increased number of observations. Consequently, four insignificant within-individual coefficients before MI—public health insurance, a low self-rated income level, the frequency of physical exercise, and log-transformed income—became significant after MI. Additionally, the within-individual coefficient of a very high self-rated social status, which had been significant at the 5% level, became significant at the 1% level. However, only the within-individual coefficient of the overweight dummy, which had been significant before MI, became non-significant after MI. As a whole, the results of the full model with MI were similar to those of the model without MI.





4. Discussion


In this study, panel data analyses conducted with CFPS datasets in 2014, 2016, and 2018 with a null model revealed that self-rated health was determined by changes in individual attributes over time (the dynamic aspect), and variation in individual attributes (the static aspect), at a ratio of approximately 4 to 6. Both aspects of the attributes were effective in measurable proportions, so we employed a hybrid model in which time-varying determinants were decomposed into within- and between-individual components. The between-individual coefficient of Internet use was significant, at 0.342, and the odds ratio (OR) was 1.41 (the OR is an exponential of the coefficient). However, the within-individual coefficient of Internet use was positive and not significant, which means that Internet users are statically 1.41 times more confident of their self-rated health than are nonusers, while starting to use the Internet is not dynamically effective in improving the self-rated health. Consequently, hypothesis (1) was supported, but not hypothesis (2).



Among the previous literature about the association of the use of the Internet with one’s health status, to our knowledge, self-rated health is often seen as the indicator of an individuals’ health status along with their mental health (including depression). Unlike various biological indicators, self-rated health is an integrated variable and a holistic assessment of an individual’s health status [18,19,20]. Therefore, we chose self-rated health as the health indicator in this study.



Previous cross-sectional studies with the CFPS dataset in 2018 showed that Internet users indicated a better self-rated health than did nonusers among adults [23,26]. Additionally, a previous study that conducted panel analyses, in which lagged dependent and independent variables (i.e., self-rated health and the Internet usage of the preceding wave, respectively) were entered as the independent variables, using the CFPS data from 2014 to 2018, and found that the use of the Internet has a significantly positive association with self-rated health among adults [27]. Although the kind of panel analysis model of the study was not clearly described, it seems to be a random-effects model. In the present and the previous studies, the origin of the data was the same (CFPS dataset). However, unlike previous studies, we performed both the within- and between-estimation simultaneously. The between-estimation is similar to a cross-sectional estimation using the individual-specific means of the variables measured longitudinally instead of cross-sectionally, at a point in time. In the present study, the results deduced from the between-individual coefficient of Internet use were the same as those of the two previous cross-sectional studies. On the other hand, the results obtained with the within-individual coefficient of Internet use were different from that of the previous panel study. However, the results of the random-effects model which we preliminarily conducted showed that the coefficient of Internet use was significantly positive and consistent with that of the previous panel study. In theory, the coefficients of a fixed-effects (within-estimation) model are always unbiased, and the coefficients of a random-effects model are intermediate between the between-estimator and within-estimator [28]. That is, the results of a random-effects model are not always unbiased. Therefore, we believe the results of the within-individual coefficients of the present study may possibly be more reliable than the results of the previous panel study. Further study is required to make the point clear.



For reference, previous studies with the dependent variable except self-rated health have reported that after 3 years of Internet usage, individuals rate themselves as having better physical/cognitive health and social well-being and attending more health screenings compared with nonusers [29], whereas those who had used the Internet heavily at the age of 18 years had worse mental health at the ages of 21–22 years [30]. In addition, a study using panel data in a random-effects model reported that the use of the Internet was associated with a lower risk of a depressed state [31]. Moreover, a study that conducted panel fixed-effects analyses with datasets from the two waves of the CFPS in 2016 and 2018 found that changing from a non-Internet user to an Internet user reduced depression in older adults aged 60 years and over [32].



As a whole, a major finding of this study is that a causal relationship could not be inferred from starting to use the Internet to feeling healthier regardless of the different self-rated health status between Internet users and nonusers. In other words, it leaves open the possibility that present Internet users may have felt healthy before starting to use the Internet, and that those who have been feeling unhealthy may be unwilling to start using the Internet. These findings were achieved because of the strength of the hybrid model, which simultaneously analyzed two aspects, i.e., the dynamic change over time and static divergence, and approached exact causal inferences closer than possible with a conventional analytical design.



In 2016, the Chinese government announced The Healthy China 2030, in Chapter 24 of which, “internet + health care” services were proposed to cover people’s whole life cycle health management [4]. Of course, it is expected that the measure is beneficial to present Internet users. However, based on the results of this study, it is questionable whether the measure will be sufficiently effective in improving the present non-Internet users’ health status even when they will start using the Internet. In this sense, the measures depending on the recent rapid increase in Internet users may not work enough to promote the overall health status of the people. Some alternative measures may be required to reduce the health disparities between Internet users and nonusers.



Contrary to our expectations, the between-individual coefficients of both smoking and drinking were significantly positive, which indicates that those who had smoked in the past month and those who had drunk over three times a week in the past month rated their health status as higher than those who had not. In addition, the within-individual coefficient of drinking was positively significant at the 10% level, which implies that self-rated health increases with the increasing frequency of drinking. This may be explained by unhealthy behavior leading to overrated self-reported health. Indeed, heavy smokers have reported excellent health as a result of an overconfidence in their own health [33]. Moreover, heavy drinkers aged 45 years and older have reported a better health status than those who only drink occasionally [34].



Meanwhile, we found from the results of the between-individual coefficients that those whose daily sleeping hours were around 8.5 h had better self-rated health than those who had shorter or longer daily sleeping hours. We also found from the results of the within-individual coefficients that, if someone slept fewer than 9.2 h, prolonging their sleeping time made him/her feel healthier, and if they slept for more than 9.2 h, shortening their sleeping time made him/her feel healthier. Previous studies have reported that short or insufficient sleep is associated with worse self-rated health [35,36]. The results of the present study indicated the effects of sleeping for too long and for too little using the square term. Indeed, a sleep duration of 7–8 h was associated with the lowest risk of chronic diseases such as obesity, diabetes, hypertension, and cardiovascular disease [37].



In addition, both being overweight and underweight were associated with a poor self-rated health, and recovery from being underweight improved one’s self-rated health. Moreover, those who engaged in frequent physical exercise reported a better self-rated health than those who did not, and increasing the frequency of physical exercise improved their self-rated health. Furthermore, the non-significant between-individual coefficient of public health insurance indicated that both enrollees and non-enrollees in public health insurance were homogeneous in terms of their self-rated health. However, the within-individual coefficient suggested that enrolling in public health insurance significantly improved one’s self-rated health at the 10% level.



Regarding socioeconomic status, we found that one’s income and two indices of subjective socioeconomic status (the self-rated income level and self-rated social status) were positively associated with self-rated health from both the between- and within-individual (static and dynamic) aspects. That is, from the static aspect, those who had a high income, perceived themselves as having a high income, and those who perceived themselves as having a high social status felt healthier than those who did not. A previous cross-sectional study reported that both the income and subjective identification of socioeconomic status were positively associated with self-rated health in China [38]. From the dynamic aspect, a real increase in one’s income, the perception of receiving a higher income, and the perception of increasing one’s social status improved the self-rated health of the participants.



Along with income, education is an index of real socioeconomic status. In this study, the statistically positive between-individual coefficient of years of education meant that highly educated persons had a better self-rated health than the less educated. This finding is consistent with those from previous cross-sectional studies [26,39]. However, the non-significant within-individual coefficient does not support the hypothesis that obtaining a higher education is related to self-rated health.



This study has several limitations. First, the results do not necessarily reflect the viewpoints of healthcare providers or professionals because we used national social survey data and, consequently, focused on the use of the Internet among the general public. Second, the purpose or frequency of the use of the Internet was not considered. For example, searching for health information online may have positive effects on one’s self-rated health, while lengthy hours of Internet usage for entertainment may have negative effects. However, in the present study, we did not differentiate the kinds of purposes or the ranks of frequency, so the positive and negative effects may have been mixed and canceled each other out through the statistical analysis. Consequently, the within-individual coefficient of Internet use may seem to be non-significant. Further research is required to address this issue. Third, the association between the use of the Internet and self-rated health may have been affected by the attributes of the respondents, such as their age, gender, and socioeconomic status. For example, young people may tend to be enthusiastic about entertainment, whereas older adults may search for health-care information more often. However, differences in the associations by attributes may have been missed because regression analyses were not performed separately by attributes. Fourth, the precision of the data for the dependent variable, self-rated health, had to be reduced from a five-point scale to a binary item because a panel ordinal logistic regression analysis of multiple imputed data is not possible in Stata.




5. Conclusions


In the present study, the association between the use of the Internet and self-rated health was analyzed using a hybrid model with national social survey data from 2014 to 2018 among adults in China. The between-individual coefficient (the static aspect) of Internet use showed that Internet users were statistically 1.41 times more confident of their self-rated health. However, the within-individual coefficient (the dynamic aspect) of Internet use did not indicate the dynamic effectiveness of starting to use the Internet for improving one’s self-rated health. In other words, the increase in Internet users may not improve the individuals’ health status. These results provide a concrete example of how cross-sectional analysis is deficient in proving causality between two variables. In addition, our findings suggest that policy makers should pay close attention to not confuse the static variation with dynamic change when considering the causal relationship between the use of the Internet and self-rated health. If policymakers attempt a public health promotion by increasing the number of Internet users, it may be hard to achieve the desired results. Rather, since Internet users have a higher health status than nonusers, it is necessary to discuss how to reduce the health disparities between Internet users and nonusers.







Author Contributions


Conceptualization, M.Z. and K.K.; methodology, M.Z., I.I. and K.K., validation, M.Z. and I.I.; formal analysis, M.Z.; data curation, M.Z.; writing—original draft preparation, M.Z.; writing—review and editing, M.Z., I.I. and K.K.; supervision, K.K. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Our secondary use of the CFPS dataset was approved by the Institutional Review Board of Tokyo Medical and Dental University (Approval No. D2020-022).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the CFPS.




Data Availability Statement


The CFPS data are available at https://www.isss.pku.edu.cn/cfps/ (accessed on 1 December 2022).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



China Internet Network Information Center. The 49th Statistical Report on China’s Internet Development. Available online: https://www.cnnic.com.cn/IDR/ReportDownloads/202204/P020220424336135612575.pdf (accessed on 10 August 2022).

	



He, D.; Gu, Y.; Shi, Y.; Wang, M.; Lou, Z.; Jin, C. COVID-19 in China: The role and activities of internet-based healthcare platforms. Glob. Health Med. 2020, 2, 89–95. [Google Scholar] [CrossRef] [PubMed]

	



Yang, F.; Shu, H.; Zhang, X. Understanding “Internet Plus Healthcare” in China: Policy text analysis. J. Med. Internet Res. 2021, 23, e23779. [Google Scholar] [CrossRef] [PubMed]

	



The State Council, The People’s Republic of China. The Healthy China 2030 Blueprint. Available online: http://www.gov.cn/zhengce/2016-10/25/content_5124174.htm (accessed on 22 December 2022). (In Chinese)

	



Peng, Y.I.; Chan, Y.S. Do internet users lead a healthier lifestyle? J. Appl. Gerontol. 2020, 39, 227–284. [Google Scholar] [CrossRef] [PubMed]

	



Erhag, H.F.; Ahlner, F.; Sterner, T.R.; Skoog, I.; Bergström, A. Internet use and self-rated health among Swedish 70-year-olds: A cross-sectional study. BMC Geriatr. 2019, 19, 365. [Google Scholar] [CrossRef]

	



Kim, J.H.; Lau, C.H.; Cheuk, K.K.; Kan, P.; Hui, H.L.; Griffiths, S.M. Brief report: Predictors of heavy internet use and associations with health-promoting and health risk behaviors among Hong Kong university students. J. Adolesc. 2010, 33, 215–220. [Google Scholar] [CrossRef]

	



Kwak, Y.; Kim, H.; Ahn, J.W. Impact of internet usage time on mental health in adolescents: Using the 14th Korea youth risk behavior web-based survey 2018. PLoS ONE 2022, 17, e0264948. [Google Scholar] [CrossRef]

	



Dong, Y.; Xue, Y.; Luo, M.; Mo, D.; Dong, W.; Zhang, Z.; Liang, H. Investigating the impact of mobile SNS addiction on individual’s self- rated health. Internet Res. 2018, 28, 278–292. [Google Scholar] [CrossRef]

	



Lam, S.S.M.; Jivraj, S.; Scholes, S. Exploring the relationship between internet use and mental health among older adults in England: Longitudinal observational study. J. Med. Internet Res. 2020, 22, e15683. [Google Scholar] [CrossRef]

	



Allison, P.D. Fixed Effects Regression Models; SAGE Publications: Thousand Oaks, CA, USA, 2009; ISBN 978-076-192-497-5. [Google Scholar]

	



Xie, Y.; Lu, P. The sampling design of the China Family Panel Studies (CFPS). Chin. J. Sociol. 2015, 1, 471–484. [Google Scholar] [CrossRef]

	



Xie, Y.; Zhang, X.; Tu, P.; Ren, Q.; Sun, Y.; Lv, P.; Ding, H.; Hu, J.; Wu, Q. China Family Panel Studies User’s Manual, 3rd ed. Available online: https://www.isss.pku.edu.cn/cfps/docs/20220302153803194600.pdf (accessed on 28 July 2022).

	



Wu, Q.; Dai, L.; Zhang, C.; Wang, Y.; Zhang, W. China Family Panel Studies 2014 Database Introduction and Cleanup Report. Available online: https://www.isss.pku.edu.cn/cfps/docs/20181229155319145740.pdf (accessed on 31 August 2022). (In Chinese).

	



Wu, Q.; Dai, L.; Zhen, Q.; Zhang, J.; Gu, L.; Zhang, C.; Zhao, F. China Family Panel Studies 2016 Database Introduction and Cleanup Report. Available online: https://www.isss.pku.edu.cn/cfps/docs/20201201085335172101.pdf (accessed on 31 August 2022). (In Chinese).

	



Wu, Q.; Dai, L.; Zhen, Q.; Gu, L.; Wang, Y. User Guide for China Family Panel Studies 2018. Available online: https://www.isss.pku.edu.cn/cfps/docs/20220302153921616729.pdf (accessed on 4 August 2022).

	



Institute of Social Science Survey. Peking University. China Family Panel Studies: 2010 Questionnaire. Available online: https://www.isss.pku.edu.cn/cfps/docs/20190727142037218298.pdf (accessed on 8 August 2022).

	



Baker, M.; Stabile, M.; Deri, C. What do self-reported, objective, measures of health measure? J. Hum. Resour. 2004, 39, 1067–1093. [Google Scholar] [CrossRef]

	



Au, D.W.H.; Crossley, T.F.; Schellhorn, M. The effect of health changes and long-term health on the work activity of older Canadians. Health Econ. 2005, 14, 999–1018. [Google Scholar] [CrossRef] [PubMed]

	



Cai, L.; Kalb, G. Health status and labour force participation: Evidence from Australia. Health Econ. 2006, 15, 241–261. [Google Scholar] [CrossRef] [PubMed]

	



Fu, R.; Noguchi, H. Does the positive relationship between health and marriage reflect protection or selection? Evidence from middle-aged and elderly Japanese. Rev. Econ. Household 2018, 16, 1003–1016. [Google Scholar] [CrossRef]

	



Institute of Social Science Survey. Peking University. China Family Panel Studies: 2014 Full Questionnaires. Available online: https://www.isss.pku.edu.cn/cfps/docs/20211029155818029939.pdf (accessed on 8 August 2022).

	



Lyu, S.; Sun, J. Internet use and self-rated health among Chinese older adults: The mediating role of social capital. Geriatr. Gerontol. Int. 2021, 21, 34–38. [Google Scholar] [CrossRef] [PubMed]

	



Allison, P.D. Missing Data; SAGE Publications: Thousand Oaks, CA, USA, 2002; ISBN 978-076-191-672-7. [Google Scholar]

	



StataCorp; Stata Multiple-Imputation Reference Manual, Release 16; Stata Press: College Station, TX, USA, 2019; ISBN 978-159-718-289-8.

	



Li, L.; Ding, H. The relationship between internet use and population health: A cross-sectional survey in China. Int. J. Environ. Res. Public Health 2022, 19, 1322. [Google Scholar] [CrossRef] [PubMed]

	



Oshio, T.; Ma, X.; Komatsu, S. The impact of internet use on health outcomes in China: A longitudinal study using a three-wave nationwide survey. Res. Sq. 2022. [Google Scholar] [CrossRef]

	



Hsiao, C. Analysis of Panel Data, 2nd ed.; Cambridge University Press: Cambridge, UK, 2003; pp. 27–38. ISBN 978-052-152-271-7. [Google Scholar]

	



Nakagomi, A.; Shiba, K.; Kawachi, I.; Ide, K.; Nagamine, Y.; Kondo, N.; Hanazato, M.; Kondo, K. Internet use and subsequent health and well-being in older adults: An outcome-wide analysis. Comput. Hum. Behav. 2022, 130, 107156. [Google Scholar] [CrossRef]

	



Mars, B.; Gunnell, D.; Biddle, L.; Kidger, J.; Moran, P.; Winstone, L.; Heron, J. Prospective associations between internet use and poor mental health: A population- based study. PLoS ONE 2020, 15, e0235889. [Google Scholar] [CrossRef]

	



Cotten, S.R.; Ford, G.; Ford, S.; Hale, T.M. Internet use and depression among retired older adults in the United States: A longitudinal analysis. J. Gerontol. B Psychol. Sci. Soc. Sci. 2014, 69, 763–771. [Google Scholar] [CrossRef]

	



Zhang, H.; Wang, H.; Yan, H.; Wang, X. Impact of internet use on mental health among elderly individuals: A difference-in-differences study based on 2016–2018 CFPS data. Int. J. Environ. Res. Public Health 2022, 19, 101. [Google Scholar] [CrossRef]

	



Yen, S.T.; Shaw, W.D.; Yuan, Y. Cigarette smoking and self-reported health in China. China Econ. Rev. 2010, 21, 532–543. [Google Scholar] [CrossRef]

	



Zhao, J.; Sun, H.; Ma, Y.; Cheng, X. Association of self-reported health with alcohol consumption: A study conducted among Chinese and Canadian middle-aged and older adults. China Popul. Dev. Stud. 2020, 4, 58–97. [Google Scholar] [CrossRef]

	



Geiger, S.D.; Sabanayagam, C.; Shankar, A. The relationship between insufficient sleep and self-rated health in a nationally representative sample. J. Environ. Public Health 2012, 2012, 518263. [Google Scholar] [CrossRef] [PubMed]

	



Nakata, A. Investigating the associations between work hours, sleep status, and self-reported health among full-time employees. Int. J. Public Health 2012, 57, 403–411. [Google Scholar] [CrossRef] [PubMed]

	



Buxton, O.M.; Marcelli, E. Short and long sleep are positively associated with obesity, diabetes, hypertension, and cardiovascular disease among adults in the United States. Soc. Sci. Med. 2010, 71, 1027–1036. [Google Scholar] [CrossRef] [PubMed]

	



Hanibuchi, T.; Nakaya, T.; Murata, C. Socio-economic status and self-rated health in East Asia: A comparison of China, Japan, South Korea and Taiwan. Eur. J. Public Health 2012, 22, 47–52. [Google Scholar] [CrossRef] [PubMed]

	



Hu, A.; Hibel, J. Educational attainment and self-rated health in contemporary China: A survey-based study in 2010. Soc. Sci. J. 2013, 50, 674–680. [Google Scholar] [CrossRef]








[image: Table] 





Table 1. Descriptive statistics before multiple imputation.






Table 1. Descriptive statistics before multiple imputation.





	
Total Number of Respondents Over the Three Waves: 46,896




	
Wave

	

	
2014

	

	

	
2016

	

	

	
2018

	




	
Number of Respondents

	
37,147

	

	

	
36,892

	

	

	
37,354

	

	




	
Continuous Variables

	
n

	
Mean

	
SD

	
n

	
Mean

	
SD

	
n

	
Mean

	
SD




	
Age (years)

	
36,861

	
45.3

	
17.4

	
36,553

	
46.0

	
17.7

	
30,194

	
46.4

	
17.1




	
Daily sleeping hours

	
32,873

	
7.9

	
1.5

	
32,912

	
7.8

	
1.5

	
30,319

	
7.8

	
1.5




	
Income (CNY)

	
36,694

	
9022.7

	
18,884.6

	
9715

	
21,768.4

	
39,472.4

	
24,402

	
18,803.3

	
33,037.6




	
Years of education

	
37,082

	
7.5

	
4.8

	
34,421

	
7.7

	
4.8

	
26,936

	
8.2

	
5.0




	
Physical exercise (1)

	
33,452

	
1.8

	
2.9

	
33,222

	
2.1

	
3.0

	
30,460

	
2.6

	
3.1




	
Categorical variables

	
Frequency

	
%

	
Frequency

	
%

	
Frequency

	
%




	
Self-rated health

	
37,123

	
100.0

	
36,882

	
100.0

	
30,514

	
100.0




	
 Excellent

	
5484

	
14.8

	
4963

	
13.5

	
4211

	
13.8




	
 Very good

	
7850

	
21.1

	
6834

	
18.5

	
4826

	
15.8




	
 Good

	
12,624

	
34.0

	
12,786

	
34.7

	
12,598

	
41.3




	
 Fair

	
5378

	
14.5

	
6434

	
17.4

	
3961

	
13.0




	
 Poor

	
5787

	
15.6

	
5865

	
15.9

	
4918

	
16.1




	
Self-rated relative income

	
28,952

	
100.0

	
30,574

	
100.0

	
28,253

	
100.0




	
 Very high

	
975

	
3.4

	
1114

	
3.6

	
2712

	
9.6




	
 High

	
2197

	
7.6

	
1800

	
5.9

	
3772

	
13.4




	
 Medium

	
13,208

	
45.6

	
12,325

	
40.3

	
13,274

	
47.0




	
 Low

	
6996

	
24.2

	
8341

	
27.3

	
5250

	
18.6




	
 Very low

	
5576

	
19.3

	
6994

	
22.9

	
3245

	
11.5




	
Self-rated social status

	
31,450

	
100.0

	
33,128

	
100.0

	
30,062

	
100.0




	
 Very high

	
2092

	
6.7

	
2495

	
7.5

	
3718

	
12.4




	
 High

	
5053

	
16.1

	
4205

	
12.7

	
5206

	
17.3




	
 Medium

	
15,872

	
50.5

	
15,091

	
45.6

	
13,893

	
46.2




	
 Low

	
5248

	
16.7

	
6631

	
20.0

	
4595

	
15.3




	
 Very low

	
3185

	
10.1

	
4706

	
14.2

	
2650

	
8.8




	
Internet use

	
31,591

	
100.0

	
33,243

	
100.0

	
30,516

	
100.0




	
 Yes

	
9443

	
29.9

	
14,553

	
43.8

	
16,212

	
53.1




	
 No

	
22,148

	
70.1

	
18,690

	
56.2

	
14,304

	
46.9




	
Gender

	
37,110

	
100.0

	
36,832

	
100.0

	
30,475

	
100.0




	
 Male

	
18,553

	
50.0

	
18,377

	
49.9

	
15,146

	
49.7




	
 Female

	
18,557

	
50.0

	
18,455

	
50.1

	
15,329

	
50.3




	
Marital status

	
37,131

	
100.0

	
36,886

	
100.0

	
30,169

	
100.0




	
 Married, etc. (2)

	
28,428

	
76.6

	
28,164

	
76.4

	
23,764

	
78.8




	
 Otherwise

	
8703

	
23.4

	
8722

	
23.7

	
6405

	
21.2




	
Smoking last month

	
31,590

	
100.0

	
33,242

	
100.0

	
30,515

	
100.0




	
 Yes

	
8986

	
28.4

	
9252

	
27.8

	
8733

	
28.6




	
 No

	
22,604

	
71.6

	
23,990

	
72.2

	
21,782

	
71.4




	
Alcohol drinking

	
31,589

	
100.0

	
33,243

	
100.0

	
30,514

	
100.0




	
 More than three times (3)

	
4818

	
15.3

	
4774

	
14.4

	
4539

	
14.9




	
 Otherwise

	
26,771

	
84.7

	
28,469

	
85.6

	
25,975

	
85.1




	
Public health insurance

	
35,899

	
100.0

	
36,719

	
100.0

	
29,970

	
100.0




	
 Enrolled

	
32,681

	
91.0

	
33,411

	
91.0

	
27,511

	
91.8




	
 Not enrolled

	
3218

	
9.0

	
3308

	
9.0

	
2459

	
8.2




	
Residential area

	
34,226

	
100.0

	
36,591

	
100.0

	
30,009

	
100.0




	
 Urban

	
16,349

	
47.8

	
17,530

	
47.9

	
15,300

	
51.0




	
 Rural

	
17,877

	
52.2

	
19,061

	
52.1

	
14,709

	
49.0




	
BMI

	
31,735

	
100.0

	
30,321

	
100.0

	
29,389

	
100.0




	
 Overweight

	
7147

	
22.5

	
7390

	
24.4

	
7775

	
26.5




	
 Normal weight

	
21,568

	
68.0

	
20,090

	
66.3

	
19,061

	
64.9




	
 Underweight

	
3020

	
9.5

	
2841

	
9.4

	
2553

	
8.7








Notes: many missing values were seen in the data, so multiple imputation was performed. N: the number of respondents who answered the questionnaire item. SD: standard deviation. (1) Physical exercise: frequency of physical exercise in the past week. (2) Married, etc.: married, have a spouse, or cohabitate. (3) More than three times: drinking more than three times in the past week.
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Table 2. Results of the null model.






Table 2. Results of the null model.





	
Model: Logistic regression model with multiple imputations

Dependent variable: self-rated health (binary)

Number of imputations: 100

Number of observations: 140,398

Number of individuals: 46,881




	

	
Coefficient

	
Standard

Error

	
p-Value




	
Constant

	
1.437 **

	
0.016

	
0.000




	
σu

	
2.193

	
0.022

	




	
ρ

	
0.594

	
0.005

	








Notes: the ρ values indicate that the between-individual component (static aspect) determined 59.4% of the total variance of the dependent variable, and the within-individual component (dynamic aspect) 40.6%. ** p < 0.01. ρ = σu/(σe + σu). σu: variance of the between-individual component. σe: variance of the within-individual component.
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Table 3. Results of the hybrid model.






Table 3. Results of the hybrid model.





	
Model: logistic regression hybrid model with multiple imputation

Dependent variable: self-rated health (binary)

Number of imputations: 100

Number of observations: 139,376

Number of individuals: 46,460




	

	
Between-Individual

	
Within-Individual




	
Individual Time-Varying Variables

	
Coefficient

	
Standard

Error

	
p-Value

	
Coefficient

	
Standard

Error

	
p-Value




	
Internet use

	

	

	

	

	

	

	




	
 Yes

	
0.342

	
**

	
0.047

	
0.000

	
0.039

	

	
0.034

	
0.249




	
 No (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Marital status

	

	

	

	

	

	

	

	




	
 Married, etc. (1)

	
−0.059

	

	
0.045

	
0.186

	
0.005

	

	
0.072

	
0.950




	
 Others (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Smoking last month

	

	

	

	

	

	

	

	




	
 Yes

	
0.167

	
**

	
0.038

	
0.000

	
0.058

	

	
0.058

	
0.314




	
 No (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Alcohol drinking last month

	

	

	

	

	

	

	

	




	
 More than three times a week

	
0.471

	
**

	
0.049

	
0.000

	
0.078

	
†

	
0.046

	
0.089




	
 Others (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Public health insurance

	

	

	

	

	

	

	

	




	
 Enrolled

	
−0.098

	

	
0.077

	
0.208

	
0.076

	
†

	
0.043

	
0.080




	
 Not enrolled (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Residential area

	

	

	

	

	

	

	

	




	
 Urban

	
0.016

	

	
0.028

	
0.576

	
−0.060

	

	
0.055

	
0.268




	
 Rural (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Self-rated income level

	

	

	

	

	

	

	

	




	
 Very high

	
1.402

	
**

	
0.107

	
0.000

	
0.494

	
**

	
0.059

	
0.000




	
 High

	
1.170

	
**

	
0.104

	
0.000

	
0.423

	
**

	
0.059

	
0.000




	
 Medium

	
1.035

	
**

	
0.060

	
0.000

	
0.276

	
**

	
0.035

	
0.000




	
 Low

	
0.460

	
**

	
0.067

	
0.000

	
0.112

	
**

	
0.042

	
0.008




	
 Very low (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Self-rated social status

	

	

	

	

	

	

	

	




	
 Very high

	
1.042

	
**

	
0.096

	
0.000

	
0.317

	
**

	
0.050

	
0.000




	
 High

	
0.755

	
**

	
0.083

	
0.000

	
0.287

	
**

	
0.057

	
0.000




	
 Medium

	
0.445

	
**

	
0.071

	
0.000

	
0.221

	
**

	
0.038

	
0.000




	
 Low

	
0.261

	
**

	
0.079

	
0.001

	
0.197

	
**

	
0.038

	
0.000




	
 Very low (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Sleeping hours

	
1.212

	
**

	
0.082

	
0.000

	
0.324

	
**

	
0.049

	
0.000




	
Sleeping hours2

	
−0.072

	
**

	
0.005

	
0.000

	
−0.018

	
**

	
0.003

	
0.000




	
Frequency of physical exercise

	
0.060

	
**

	
0.006

	
0.000

	
0.012

	
**

	
0.004

	
0.002




	
Ln income

	
0.021

	
**

	
0.004

	
0.000

	
0.016

	
**

	
0.003

	
0.000




	
Years of education

	
0.045

	
**

	
0.003

	
0.000

	
0.015

	

	
0.011

	
0.176




	
BMI

	

	

	

	

	

	

	

	




	
 Overweight

	
−0.174

	
**

	
0.033

	
0.000

	
−0.038

	

	
0.035

	
0.280




	
 Normal weight (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
 Underweight

	
−0.697

	
**

	
0.054

	
0.000

	
−0.141

	
*

	
0.061

	
0.022




	
Other Variables

	
Coefficient

	
Standard

Error

	
p-Value

	

	

	

	




	
Age

	
−0.122

	
**

	
0.005

	
0.000

	

	

	

	




	
Age2

	
0.001

	
**

	
0.000

	
0.000

	

	

	

	




	
Gender

	

	

	

	

	

	

	

	




	
 Male

	
0.164

	
**

	
0.031

	
0.000

	

	

	

	




	
 Female (reference)

	
—

	

	
—

	
—

	

	

	

	




	
Wave in 2016

	
−0.339

	
**

	
0.020

	
0.000

	

	

	

	




	
Wave in 2018

	
−0.214

	
**

	
0.023

	
0.000

	

	

	

	




	
Constant

	
−1.037

	
**

	
0.342

	
0.002

	

	

	

	




	
σu

	
1.650

	

	
0.018

	

	

	

	

	




	
ρ

	
0.453

	

	
0.005

	

	

	

	

	








Notes: the between-individual coefficient of Internet use was significantly positive, so Internet users indicated better self-rated health than did nonusers. The within-individual coefficient of Internet use was not significant, so the change from nonuser to user did not improve self-rated health. (1) Married, etc.: married, have a spouse, or cohabitate. ** p < 0.01; * p < 0.05; † p < 0.1. ρ = σu/(σe + σu). σu: variance of the between-individual component. σe: variance of the within-individual component. —: reference.
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Table 4. Results of the hybrid model without multiple imputation.
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Model: logistic regression hybrid model without multiple imputation

Dependent variable: self-rated health (binary)

Number of observations: 53,113

Number of individuals: 34,073




	

	
Between-Individual

	
Within-Individual




	
Individual Time-Varying Variables

	
Coefficient

	
Standard

Error

	
p-Value

	
Coefficient

	
Standard

Error

	
p-Value




	
Internet use

	

	

	

	

	

	

	




	
 Yes

	
0.250

	
**

	
0.058

	
0.000

	
0.048

	
0.060

	
0.428




	
 No (reference)

	
—

	

	
—

	
—

	
—

	
—

	
—




	
Marital status

	

	

	

	

	

	

	




	
 Married, etc. (1)

	
−0.071

	

	
0.055

	
0.194

	
−0.105

	
0.119

	
0.375




	
 Others (reference)

	
—

	

	
—

	
—

	
—

	
—

	
—




	
Smoking last month

	

	

	

	

	

	

	




	
 Yes

	
0.195

	
**

	
0.049

	
0.000

	
−0.034

	
0.092

	
0.711




	
 No (reference)

	
—

	

	
—

	
—

	
—

	
—

	
—




	
Alcohol drinking last month

	

	

	

	

	

	

	




	
 More than three times a week

	
0.400

	
**

	
0.058

	
0.000

	
0.135

	
0.072

	
0.060




	
 Others (reference)

	
—

	

	
—

	
—

	
—

	
—

	
—




	
Public health insurance

	

	

	

	

	

	

	




	
 Enrolled

	
−0.043

	

	
0.082

	
0.600

	
0.070

	
0.078

	
0.369




	
 Not enrolled (reference)

	
—

	

	
—

	
—

	
—

	
—

	
—




	
Residential area

	

	

	

	

	

	

	




	
 Urban

	
0.018

	

	
0.038

	
0.637

	
−0.112

	
0.098

	
0.252




	
 Rural (reference)

	
—

	

	
—

	
—

	
—

	
—

	
—




	
Self-rated income level

	

	

	

	

	

	

	

	




	
 Very high

	
1.333

	
**

	
0.129

	
0.000

	
0.589

	
**

	
0.105

	
0.000




	
 High

	
1.009

	
**

	
0.103

	
0.000

	
0.470

	
**

	
0.090

	
0.000




	
 Medium

	
0.980

	
**

	
0.069

	
0.000

	
0.255

	
**

	
0.063

	
0.000




	
 Low

	
0.424

	
**

	
0.074

	
0.000

	
0.074

	

	
0.062

	
0.233




	
 Very low (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Self-rated social status

	

	

	

	

	

	

	

	




	
 Very high

	
0.848

	
**

	
0.114

	
0.000

	
0.241

	
*

	
0.100

	
0.016




	
 High

	
0.601

	
**

	
0.096

	
0.000

	
0.284

	
**

	
0.088

	
0.001




	
 Medium

	
0.439

	
**

	
0.080

	
0.000

	
0.267

	
**

	
0.075

	
0.000




	
 Low

	
0.270

	
**

	
0.090

	
0.003

	
0.206

	
**

	
0.078

	
0.008




	
 Very low (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
Sleeping hours

	
1.001

	
**

	
0.086

	
0.000

	
0.241

	
**

	
0.086

	
0.005




	
Sleeping hours2

	
−0.059

	
**

	
0.005

	
0.000

	
−0.013

	
*

	
0.005

	
0.019




	
Frequency of physical exercise

	
0.049

	
**

	
0.007

	
0.000

	
0.007

	

	
0.007

	
0.356




	
Ln income

	
0.017

	
**

	
0.005

	
0.000

	
0.007

	

	
0.005

	
0.191




	
Years of education

	
0.058

	
**

	
0.005

	
0.000

	
0.011

	

	
0.038

	
0.775




	
BMI

	

	

	

	

	

	

	

	




	
 Overweight

	
−0.271

	
**

	
0.043

	
0.000

	
−0.205

	
**

	
0.069

	
0.003




	
 Normal weight (reference)

	
—

	

	
—

	
—

	
—

	

	
—

	
—




	
 Underweight

	
−0.825

	
**

	
0.072

	
0.000

	
−0.231

	
*

	
0.097

	
0.018




	
Other Variables

	
Coefficient

	
Standard

Error

	
p-Value

	

	

	

	




	
Age

	
−0.155

	
**

	
0.008

	
0.000

	

	

	

	




	
Age2

	
0.001

	
**

	
0.000

	
0.000

	

	

	

	




	
Gender

	

	

	

	

	

	

	

	




	
 Male

	
0.223

	
**

	
0.045

	
0.000

	

	

	

	




	
 Female (reference)

	
—

	

	
—

	
—

	

	

	

	




	
Wave in 2016

	
−0.303

	
**

	
0.046

	
0.000

	

	

	

	




	
Wave in 2018

	
−0.250

	
**

	
0.033

	
0.000

	

	

	

	




	
Constant

	
0.725

	
†

	
0.387

	
0.061

	

	

	

	




	
σu

	
1.702

	

	
0.039

	

	

	

	

	




	
ρ

	
0.468

	

	
0.011

	

	

	

	

	








Notes: the results were similar between the two hybrid models with and without multiple imputation as a whole. (1) Married, etc.: married, have a spouse, or cohabitate. ** p < 0.01; * p < 0.05; † p < 0.1. ρ = σu/(σe + σu). σu: variance of the between-individual component. σe: variance of the within-individual component. —: reference.
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