
Vol.:(0123456789)

https://doi.org/10.1007/s11482-021-10033-9

1 3

Health Consequences of Online Social Capital 
among Middle-Aged and Older Adults in China

Junfeng Jiang1  · Jiang Song2

Received: 2 July 2021 / Accepted: 22 December 2021 / 
© The International Society for Quality-of-Life Studies (ISQOLS) and Springer Nature B.V. 2022

Abstract
With the rapid development of Internet techniques in China, more and more Chinese 
middle-aged and older adults have begun to use the Internet for their daily social 
interactions, and the resulting online social capital may affect their health. Using 
data from the Chinese General Social Survey of 2017 (n = 7733, aged 45–90 years 
old), this study investigated the influence of online social capital on the health of 
middle-aged and older adults in China, and the Heckman sample selection model 
was used to address potential sample selection bias in Internet use. The results show 
that number of online contacts significantly improved the physical health of mid-
dle-aged and older adults, while the level of depression was significantly reduced 
by online closeness of non-specific relationships, but more online interactions may 
slightly increase their depression. Furthermore, more online contacts were associ-
ated with elevated physical health among male, rural, less-educated and middle-
aged adults, while more online closeness of non-specific relationships was associ-
ated with less depression in almost all subgroups. Online social capital can improve 
the health of middle-aged and older adults in China, so we should help increase 
older adults’ access to the Internet and improve their Internet skills to give full play 
to the positive health effect of online social capital. However, it should be alert to 
the negative health consequences caused by excessive Internet use.
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Introduction

Influenced by the baby boom of the 1960s, China’s population will become aging 
at its peak in the next several years. By the end of 2020, the number of people 
over 60  years old in China was 264 million, accounting for 18.9% of the total 
population (Ning, 2021); and this number is predicted to be over 300 million by 
the end of 2025 (MCA, 2020). Middle-aged and older adults are in poor health 
and at high risks of various chronic diseases, such as cardiovascular disease and 
depression. Thus, this accelerated aging trend will undoubtedly increase the bur-
den on the state and families in terms of elderly healthcare. On the other hand, 
over the past several years, the rapid development of Internet techniques has 
hugely reshaped the way people communicate with each other, more and more 
middle-aged and older adults have also joined the army of Internet users. As of 
December 2020, the total number of Chinese Internet users is 989 million, among 
which more than 250 million are over the age of 50 (CIINC, 2021). In the context 
of active aging policy and popularity of the Internet, Internet use has become 
more and more common in one’s later life. This social fact has a profound impact 
on middle-aged and older adults’ daily lifestyles, which has been confirmed to 
have some health consequences (Wang et al., 2019a, b; Zhao & Liu, 2020).

Two main mechanisms from Internet use to individual health have been 
reported. One mechanism thinks that Internet use promotes health by increasing 
personal social interaction, leisure and entertainment, while the other believes 
Internet use helps users acquire health related information and resources to 
improve their health (Lu & Wang, 2020; Yang & He, 2020). Evidence from China 
suggests that Internet use can help improve both physical and mental health of 
the middle-aged and older adults (L. Wang, 2018; Wang et al., 2019a, b; Zhao & 
Liu, 2020), because Internet use largely increases their learning behavior (Zhao 
& Liu, 2020), leisure and entertainment (L. Wang, 2018) and stock of social capi-
tal (Liu et al., 2020; Lyu & Sun, 2021). Evidence from other countries also shows 
that Internet use improves older adults’ mental health mainly by increasing their 
online social connections and access to health information (Cotten et  al., 2012; 
Szabo et al., 2019).

The present study focuses on how online social connection and its impact on 
offline interpersonal relationships affect the physical and mental health of Chi-
nese middle-aged and older adults. In other words, we aimed to examine the 
health effect of online social capital. Due to the lack of available data, there are 
few studies investigating the relationship between online social capital and the 
health of middle-aged and older adults, and most prior studies only discuss the 
health effect of Internet use on older adults’ health (Wang et al., 2019a, b; Zhao 
& Liu, 2020) or focus on the health consequences of social network site (SNS) 
use among younger adolescents (Jiao, 2016; Song & Jiang, 2021). However, 
less attention has been paid to online social capital and its health consequences 
among middle-aged and older adults. Furthermore, prior studies only evaluate 
the health effect of online social capital among those who have access to the 
Internet; this will lead to a sample selection bias, because those who do not use 
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the Internet are excluded from the evaluation, while some factors that influence 
Internet use may also relate to individual health. In view of this, the present 
study used nationally representative survey data based on the Heckman sample 
selection model to estimate the health effects of online social capital among Chi-
nese middle-aged and older adults.

Literature Review and Research Hypotheses

Social Capital and its Health Effects

Since Bourdieu and Coleman put forward the concept of social capital (Bourdieu, 
1986; Coleman, 1988), social capital has been considered as one of the most impor-
tant social determinants of health (Kawachi et al., 1999; Moore & Kawachi, 2017; 
Xue et al., 2020). Social capital can be understood as a kind of social resources such 
as trust and norms of reciprocity embedded in personal social networks, which is 
produced by the stable connection between individuals or groups (Engbers et  al., 
2017; Lin, 2001). As a rule, social capital consists of structural and cognitive com-
ponents, the former refers to the objective state and behaviors of people participat-
ing in socializing, while the latter is people’s subjective cognition of interpersonal 
trust and reciprocity (Liu et al., 2016).

Numerous studies have reported that elements of social capital such as trust, 
norms of reciprocity, social interaction and participation are positively related to 
individual health (Rodgers et al., 2019; Xue et al., 2020), and this relationship has 
also been observed in middle-aged and older adults. Evidence from European coun-
tries indicates that interpersonal relationships and social participation can effectively 
increase the self-rated health (SRH) of middle-aged and older adults (Arezzo & Giu-
dici, 2017; Boen et al., 2020), while evidence from the United States also suggests 
that living in a community with more neighborhood social capital (e.g., a friendly, 
trusting, safe and integrated community environment) will make the elderly health-
ier (Cain et al., 2018; Villalonga-Olives et al., 2020). Evidence from five develop-
ing countries reports that neighborhood participation, trust and sense of security can 
improve the cognitive function of middle-aged and older adults, but it varies across 
countries (Jiang et  al., 2020a, b). Other evidence from China is also mixed. For 
example, Liu et al. found that social participation could improve SRH and activities 
of daily living (ADL) in middle-aged and older adults, but it was not related to their 
depression (Liu et  al., 2016); by contrast, other studies find that most social par-
ticipation forms can help reduce older adults’ depression in China (Li et al., 2020; 
Wang et al., 2019a, b).

Online Social Capital: Definition and Measures

Although evidence on the impact of social capital on health is growing, it is 
mixed and inconsistent, and most studies focused too much on the social capital 
based on offline contexts and neglected the growing online social capital. With 
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the rapid development of Internet techniques, the Internet has increasingly become 
an important platform for people’s socializing, and online social capital based on 
SNS use has become increasingly rich (Spottswood & Wohn, 2020). According to 
the social capital theory, SNS use has become an indispensable means to build and 
maintain social relations in recent years (Ahmad et al., 2016; Lin, 2001). We can 
not only regard the social relations and resources embedded in the Internet as a 
new form of social capital (Lin, 2001), but also think it is SNS use that fosters and 
increases personal social capital (Williams, 2019). Online social capital is usually 
expressed in the form of SNS use (Song & Jiang, 2021), because people usually 
interact online through SNS to increase or strengthen their interpersonal relation-
ships. However, online social capital cannot exist independently from reality, and 
it usually reflects social connections with family members, friends or colleagues 
rather than unfamiliar people, indicating the maintaining of existing offline social 
relationships rather than establishment of new relations. Thus, online and offline 
social connections or networks are usually overlapped, especially in China (Song 
& Jiang, 2021). In addition, online social capital is proposed in the context of 
social capital theory adapting to Internet development, its conceptualization and 
operationalization in prior studies are also based on classical social capital theory 
(Lin, 2001; Maghsoudi et al., 2020). Therefore, the classical social capital theory 
is actually applicable to interpret online social capital and its health consequences.

However, the operationalization of online social capital has not reached a consen-
sus in empirical studies. Many researchers believe online social capital refers to peo-
ple’s online community connections and the resulting trust and norms of reciprocity 
(Ellison et al., 2007; Maghsoudi et al., 2020). For instance, Maghsoudi et al. (2020) 
distinguish bonding and bridging online social capital; they think the bonding one 
includes the acquisition of trust and social support through online socializing, while 
the bridging one includes the sense of belonging to a larger group based on online 
socializing. For brevity, Song and Jiang (2021) only use online social contact inten-
sity as the measure of online social capital. Furthermore, previous studies often 
discuss how SNS use or online social capital influences offline social connections 
(Ahmad et al., 2016; Ellison et al., 2007; Williams, 2019), but there is little recogni-
tion that such association is intrinsic to the social connection itself. That is to say, 
changes in offline interpersonal connections brought by SNS use should be regarded 
as a part of online social capital, rather than its consequences. Because SNS use 
mainly plays a role in maintaining offline social relationships (Song & Jiang, 2021), 
and the shaping function on offline social relationships is its intrinsic attribute. Thus, 
the measure of online social capital should involve not only the scale and intensity 
of online social interaction, but also the impact of online interaction on people’s 
social connections in offline life.

Health Effects of Online Social Capital

SNS use is the most important basis for the survival of online social capital, and 
numerous studies regard SNS use as the most core element of online social capital 
(Ellison et al., 2007; Maghsoudi et al., 2020; Song & Jiang, 2021), so we first review 
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the health effects of SNS use. Numerous studies report that more SNS use is related 
to better physical and mental health (Kontos et al., 2010; Nabi et al., 2013). SNS use 
contributes to health benefits by increasing social support, reducing psychological 
stress, maintaining interpersonal relationships, and promoting trust (Kontos et  al., 
2010; Oh et al., 2013). In addition, SNS use can also promote health by spreading 
health information, so it has been widely used in health behavior interventions (Lin 
et al., 2018; Yang, 2017). A recently published study reports that online social capi-
tal based on SNS use is useful to improve health when there is insufficient offline 
social capital (Song & Jiang, 2021). Actually, the social connections that middle-
aged and older adults derive from SNS are similar to those of younger adults (Sin-
clair & Grieve, 2017). Accordingly, the following hypothesis is proposed.

H1: Online social capital can help improve the health of middle-aged and older 
adults in China.

However, some studies on Internet addiction report that excessive SNS use can 
lead to Internet addiction and social disconnection, which will result in some neg-
ative health consequences (Caplan, 2010) especially psychological health (Magh-
soudi et al., 2020). This paradoxical result is related to the motivation for using SNS, 
as lonely people are more motivated to “indulge” in SNS use to compensate for or 
forget their being neglected in the offline world, which will ultimately lead to nega-
tive mental health consequences (Jiao, 2016; Song et al., 2014). In addition, exces-
sive SNS use is commonly associated with some unhealthy behaviors, such as sed-
entariness and prolonged screen use, which is detrimental to physical health (Shi 
et al., 2020; Venden et al., 2019) and weakens the positive health effects of online 
social capital. For example, prior studies report that excessive SNS use may dam-
age individual health when offline social capital is sufficient (Song & Jiang, 2021), 
it may also do harm to individual sleep quality and mental health (Venden et  al., 
2019), and more online social capital can even damage teenagers’ mental health by 
increasing online risk exposures (Maghsoudi et al., 2020). The immunity of middle-
aged and older adults is usually weaker than the younger, so they are more vulner-
able to unhealthy behaviors such as sedentariness and prolonged screen use. Accord-
ingly, the following competing hypothesis is proposed.

H2: Online social capital is detrimental to the health of middle-aged and older 
adults in China.

Data and Methods

Data Source

The data used in this study were mainly from the Chinese General Social Survey 
(CGSS) of 2017. The CGSS project is the first large-scale and continuous nation-
wide social survey program for adults aged 18 and over in China. Using a strati-
fied multistage sampling design with unequal probabilities, CGSS covers almost 
all provinces and has become one of the most important databases for investigat-
ing China’s social change and Chinese daily life. CGSS2017 is the newest round of 
CGSS and includes a new section on the Internet, which provides high-quality data 
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for this study. Samples aged 45 to 90 years old were included in the present study,1 
and samples with unclear Internet access (n = 364) were excluded. A total of 7733 
samples were finally obtained, including 1030 samples with Internet access and oth-
ers without.

Variables

The self-reported physical health (SRPH) and depression were used as two out-
come variables. Respondents were asked to provide the subjective evaluation on 
their current physical health (1 = very unhealthy, 2 = less healthy, 3 = fair, 4 = health-
ier, 5 = very healthy) and the frequency of depression over the past four weeks 
(1 = never, 2 = seldom, 3 = sometimes, 4 = often, 5 = always). A larger score repre-
sented a better physical health status or a higher level of depression. In prior studies, 
the single-item SRH and depression indicators have been widely used and verified to 
have good reliability and validity (Hu et al., 2017; Jiang & Kang, 2019; Qi, 2014).

Frequency of online interaction, number of online contacts and online close-
ness of interpersonal relationships were used as measures of online social capital. 
Frequency of online interaction was measured using the frequency of online social 
interaction over the past one year, and the response options included the follow-
ing: ‘1=never, 2=seldom, 3=sometimes, 4=often, 5=always’. Number of online 
contacts was measured using the daily average number of people the respondents 
contacted online, and the response options included the following: ‘1=none, 2=1-4, 
3=5-9, 4=10-19, 5=20-49, 6=50 or over’. Online closeness of interpersonal rela-
tionships included closeness of specific and non-specific relationships. Online close-
ness of non-specific relationships was measured using the question ‘Do you become 
estranged from people around you because of Internet use?’, which was assessed on 
a 5-point Likert scale ranging from ‘1 = totally agree’ to ‘5 = strongly disagree’. Four 
items were used to measure online closeness of specific relationships, the respond-
ents were asked to answer the influence of Internet use on the closeness with like-
minded people, family members, good friends and colleagues, and all four items 
were assessed on a 5-point Likert scale ranging from ‘1=become very distant’ to 
‘5=become very close’. Subsequently, the exploratory factor analysis (EFA) was 
used to obtain the closeness of specific relationships variable (Cronbach’s α = 0.867, 
cumulative variance = 0.719).

Sex (male and female), age (45–90  years), residence (urban and rural), educa-
tion (1 = illiteracy, 2 = primary school, 3 = junior high school, 4 = senior high school, 
5 = college or above), Internet age, online time weekly, and Internet skill were used 
as control variables. Internet age was a continuous variable obtained by subtracting 
the survey year from the year firstly using the Internet. Online time weekly was set 
from 0 to 84 h and other values were set as missing data. Internet skill consisted of 
four specific skills, including ‘using computer to open the website’, ‘using smart-
phone to download and install APP’, ‘searching and finding information online’ and 
‘being able to express opinions online’, and the response options 1 to 5 indicated a 

1 Samples aged over 90 years old were excluded to reduce the adverse impact of elderly sample’s sparse-
ness value on the accuracy of model analysis.
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range from totally disagree to totally agree. EFA was used to obtain the Internet skill 
variable (Cronbach’s α = 0.854, cumulative variance = 0.699). In addition, whether 
using the Internet and Internet penetration rate at the province level were also used, 
they would be introduced in detail in the following section. More details can be seen 
in Table 1.

Specification of Econometric Model

The ordered Logit (OLogit) and ordinary least squares (OLS) models were used 
to estimate the association between online social capital and the health of middle-
aged and older adults in China. In the above models, however, samples that had no 
Internet access were excluded from the analysis, because only those who used the 
Internet could report their online social capital levels. This will lead to a sample 
selection problem, because there may be correlations between some unobservable 
confounders related to Internet access and the error terms of online social capital 
in the estimation equation. The above two models cannot address the endogeneity 
problem caused by sample selection, because only the respondents with Internet 
access were included in the analysis. Thus, the Heckman sample selection model 
was subsequently used.

In the Heckman sample selection model, all of the middle-aged and older adults 
with and without Internet access (n = 7733) were included in the analysis. It should 
be noted that the sample selection model needs to include a restriction excluding 
variable (Chen, 2020), and this variable should be related to Internet access but 
not directly related to individual health. The development of Internet techniques in 
China has a huge regional variation, and the Internet penetration rate varies greatly 
across provinces, which is determined by the socioeconomic developmental level 
and many other macro factors. Thus, the Internet penetration rate at the province 
level in 2016 was used as the restriction excluding variable, because it directly influ-
enced the probability of Internet access or use among middle-aged and older adults 
within specific provinces, and it was unlikely to directly influence their health out-
comes, only by influencing their Internet use at the micro level. Accordingly, the 
Heckman sample selection model was set as follows.

A two-step estimation method was used in the above model, as it had a weaker 
assumption on the normal distribution of outcomes (Q. Chen, 2014; Heckman, 
1979) and provided more statistical power for the first-step estimation. In the above 
equations, usei represented Internet use of individual i; Xi denoted a series of con-
trol variables (sex, age, residence, education, Internet age, online time weekly and 
Internet skills); Zi was a subset of Xi and included sex, age, residence and education, 
because these four variables were assumed to related to Internet use. ratei was the 
Internet penetration rate at the province level in 2016, which should be included only 
in the first-step equation. λi was the Mills rate, it denoted the ratio of the cumulative 
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Table 1  Descriptive information of variables used

 M: mean; SD: standard deviation. Internet characteristic variables (Internet age, online time weekly, and 
Internet skill) and online social capital variables were asked and answered only when the respondents 
used the Internet, so the sample size was small (n = 1030). Internet skill and online intimacy of strong 
ties were calculated using EFA, so the mean was 1 and standard deviation was 0

Variables Code Frequency % M SD

Control variables

Sex male 3670 47.5

female 4063 52.5

Age 7733 61.16 10.60

Residence urban 4544 58.8

rural 3189 41.2

Education illiteracy 1422 18.4

primary school 2148 27.8

junior high school 2234 29.0

senior high school 1222 15.8

college or above 691 9.0

Internet age 910 7.65 6.35

Online time weekly 996 12.45 13.27

Internet skill 1002 0.00 1.00

Internet access yes 1030 13.3

no 6703 86.7

Internet penetration rate 7733 0.55 0.12

Online social capital

Frequency of online interaction never 92 9.0

seldom 156 15.2

sometimes 222 21.6

often 393 38.2

always 165 16.0

Number of online contacts 0 92 9.1

1–4 377 37.1

5–9 266 26.2

10–19 180 17.7

20–49 60 5.9

≥50 41 4.0

Online closeness of non-specific relationships 1021 4.11 0.86

Online closeness of specific relationships 921 0.00 1.00

Health outcomes

SRPH very unhealthy 513 6.6

unhealthy 1738 22.5

fair 2226 28.8

healthy 2440 31.6

very healthy 812 10.5

Depression never 2069 26.8

seldom 2633 34.1

sometimes 2078 26.9

often 781 10.1

always 154 2.0
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distribution function to the density function, which was used to control for the heter-
ogeneity that led to sample selection biases. online SCi was online social capital, γ0 
and β0 were two intercepts, μi and εi were two residual items. Stata version 14.0 was 
used to perform the above models, and they were all weighted to ensure the nation-
ally representativeness of the results.

Results

Basic Information

Appendix 1 shows there were obvious differences in population characteristics and 
health status between the respondents who used the Internet and those who did not. 
Specifically, middle-aged and older adults being male and from urban areas were 
more likely to have access to the Internet than their counterparts. The respondents 
who had access to the Internet were about six years younger than those who did 
not. Internet access was also closely related to samples’ education; less than 10% of 
the respondents with primary school education or below had access to the Internet, 
while nearly 30% of the respondents with college education or above had access to 
the Internet. The respondents who had access to the Internet had better physical and 
mental health than those who did not. Furthermore, Internet access was also closely 
related to the Internet penetration rate at the province level, and a higher Internet 
penetration rate predicted more access to the Internet.

Results of OLogit and OLS Models

Table 2 shows that only number of online contacts was significantly related to the 
SRPH of middle-aged and older adults, while frequency of online interaction and 
online closeness of interpersonal relationships were not related to their SRPH. Fur-
thermore, we observed that more online contacts were related to better SRPH of 
the respondents, whether controlling for demographics or not; compared to samples 
with no online contact, those with ≥50 online contacts were more likely to have bet-
ter SRPH (OR = 2.500, p < 0.01). By contrast, with Internet characteristic variables 
controlled for, the positive effect of online contacts on SRPH became smaller; com-
pared to samples with no online contact, samples with 20–49 online contacts were 
twice as likely to have better SRPH (OR = 2.023, p < 0.1).

Online social capital was significantly associated with the depression of mid-
dle-aged and older adults in China. Table 3 suggests that more online contacts 
and online closeness of non-specific relationships were consistently related to 
less depression, whether controlling for demographics and Internet character-
istics or not. Compared to samples with no online contact, samples with 20–49 
online contacts were less likely to be depressive (OR = 0.418–0.465, p < 0.1); 
every additional unit of online closeness of non-specific relationships reduced 
the probability of being depressive by 24.4%–28.3% (OR = 0.717–0.756, 
p < 0.01). By contrast, online interaction was related to depression only when 
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other covariates were controlled for; the respondents with more online interac-
tions in turn had a higher probability of being depressive (OR = 1.215, p < 0.05). 
With other variables controlled for, online closeness of specific relationships 
was not related to depression.

To test whether the above results are robust and to prepare for the following 
Heckman sample selection model, we then used OLS model to estimate the associa-
tion between online social capital and Chinese middle-aged and older adults’ health. 
Table 4 displays that with other variables controlled for, more online contacts were 
related to better SRPH and less depression (b = 0.417, p < 0.05; b = −0.346, p < 0.1; 
respectively), more online closeness of non-specific relationships was related to 
less depression (b = −0.156, p < 0.001), but more online interactions were related to 
more depression (b = 0.102, p < 0.05). These results were highly consistent with the 
results reported in Tables 2 and 3.

Table 2  Impacts of online social capital on Chinese middle-aged and older adults’ physical health: based 
on OLogit model

***p < 0.001, **p < 0.01, *p < 0.05, ^p < 0.1. OR: odds ratio, R_SE: robust standard error. The reference 
setting was the same below

Model 1 Model 2 Model 3

OR R_SE OR R_SE OR R_SE

Online interaction 1.000 0.078 0.975 0.078 0.941 0.077
Online contacts (ref: 0)

  1–4 1.714^ 0.499 1.802* 0.489 1.710^ 0.533
  5–9 1.965* 0.628 1.845* 0.573 1.575 0.520
  10–19 1.918^ 0.665 1.782^ 0.615 1.592 0.579
  20–49 2.762** 1.080 2.489* 0.945 2.023^ 0.851

  ≥50 3.105** 1.273 2.500* 1.017 1.704 0.704
Online closeness of non-specific relationships 0.950 0.086 1.019 0.092 1.021 0.101
Online closeness of specific relationships 1.037 0.090 1.013 0.091 0.993 0.095
Sex (ref: male) 0.690* 0.106 0.731* 0.113
Age 0.962*** 0.009 0.968** 0.009
Residence (ref: rural) 1.054 0.252 1.063 0.272
Education 1.231* 0.118 1.097 0.121
Internet age 0.994 0.014
Online time weekly 0.995 0.006
Internet skill 1.531*** 0.176
Intercept

  cut point 1 −3.316 0.543 −4.911 0.716 −5.112 0.794
  cut point 2 −1.466 0.523 −3.031 0.689 −3.354 0.772
  cut point 3 0.135 0.512 −1.376 0.683 −1.624 0.756
  cut point 4 2.105 0.514 0.646 0.687 0.445 0.756

Pseudo_R2 0.007 0.023 0.033
n 905 901 777
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Results of Heckman Sample Selection Model

Table 5 shows that, in the Heckman sample selection model, the Mills rate λ in 
both models was statistically significant, so there were heterogeneities caused by 
sample selection biases, and the estimations in Heckman sample selection model 
were more reliable. More specifically, online interaction did not influence middle-
aged and older adults’ SRPH, but more online interactions increased their depres-
sion more or less (b = 0.056, p < 0.1). More online contacts significantly promoted 
samples’ SRPH (b = 0.454, p < 0.05), but it no longer influenced their depres-
sion. Online closeness of non-specific relationships obviously reduced samples’ 
depression (b = −0.126, p < 0.001), but it still did not influence their SRPH. Also, 
online closeness of specific relationships still did not influence middle-aged and 
older adults’ SRPH and depression.

Table 3  Impacts of online social capital on Chinese middle-aged and older adults’ depression: based on 
OLogit model

***p < 0.001, **p < 0.01, *p < 0.05, ^p < 0.1. OR: odds ratio, R_SE: robust standard error

Model 1 Model 2 Model 3

OR R_SE OR R_SE OR R_SE

Online interaction 1.069 0.092 1.119 0.096 1.215* 0.109
Online contacts

  1–4 0.824 0.224 0.753 0.192 0.743 0.222
  5–9 0.786 0.246 0.749 0.225 0.756 0.249
  10–19 0.571 0.201 0.584 0.208 0.665 0.254
  20–49 0.418* 0.180 0.442^ 0.186 0.465^ 0.207

  ≥50 0.596 0.268 0.704 0.327 0.785 0.413
Online closeness of non-specific relationships 0.756** 0.061 0.744*** 0.061 0.717*** 0.067
Online closeness of specific relationships 0.867^ 0.072 0.897 0.075 0.906 0.082
Sex 1.296^ 0.205 1.243 0.196
Age 0.977* 0.009 0.969** 0.010
Residence 0.989 0.190 1.386 0.290
Education 0.706*** 0.063 0.803* 0.081
Internet age 0.966* 0.015
Online time weekly 1.001 0.006
Internet skill 0.732* 0.094
Intercept

  cut point 1 −1.881 0.454 −3.901 0.662 −3.916 0.759
  cut point 2 −0.487 0.446 −2.442 0.654 −2.476 0.751
  cut point 3 1.443 0.464 −0.462 0.654 −0.363 0.758
  cut point 4 3.469 0.562 1.565 0.720 1.612 0.837

Pseudo_R2 0.016 0.037 0.056
n 903 899 776
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Compared to the Heckman sample selection model, it is obvious that OLS 
model seemed to not only overestimate the effect of online interaction on the 
increase of samples’ depression, but overestimate the effect of online contacts 
and closeness of non-specific relationships on the reduction of their depression. 
Because there is a selection effect in Internet use, people whose social needs are 
not met in offline life may use the Internet more for socializing, so an observa-
tional analysis may overstate the increased effect of online interaction on depres-
sion. The Heckman sample selection model can overcome this selection effect 
to some extent and the estimated effect reduced by nearly half (from 0.102 to 
0.056). The same is true for the overestimation of online closeness; the positive 
mental health effect of online closeness is exaggerated due to the selection of 
online interaction among those with poorer mental health.

Additional Analysis: Group Heterogeneities

The influence of online social capital on the physical and mental health of mid-
dle-aged and older adults in China is obviously different in different subgroups. 

Table 4  Impacts of online social capital on Chinese middle-aged and older adults’ health: based on OLS 
model

***p < 0.001, **p < 0.01, *p < 0.05, ^p < 0.1. b: coefficient, R_SE: robust standard error

Model 1: SRPH Model 2: depression

b R_SE b R_SE

Online interaction −0.038 0.039 0.102* 0.041
Online contacts

  1–4 0.278^ 0.158 −0.132 0.143
  5–9 0.225 0.164 −0.109 0.154
  10–19 0.248 0.178 −0.163 0.177
  20–49 0.417* 0.200 −0.346^ 0.197

  ≥50 0.331 0.206 −0.111 0.236
Online closeness of non-specific relationships 0.017 0.047 −0.156*** 0.044
Online closeness of specific relationships 0.008 0.047 −0.043 0.042
Sex −0.137^ 0.075 0.076 0.075
Age −0.017*** 0.005 −0.014** 0.005
Residence 0.066 0.119 0.192^ 0.104
Education 0.053 0.051 −0.117* 0.050
Internet age −0.004 0.007 −0.018* 0.007
Online time weekly −0.003 0.003 0.000 0.003
Internet skill 0.205*** 0.053 −0.134* 0.059
Intercept 4.219*** 0.369
R2 0.085 0.128
n 777 776
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Appendix 2 shows that online contacts had a stronger positive effect on the SRPH 
of middle-aged and older adults being males, being younger, living in rural areas 
and less-educated (a weaker positive effect on the SRPH of those being females, 
being older, living in urban areas and well-educated). In addition, online inter-
action had a negative effect on SRPH in more educated samples (b = −0.108, 
p < 0.05), while online closeness of specific relationships also had a negative 
effect on SRPH in rural samples (b = −0.241, p < 0.05).

By contrast, Appendix 3 shows that online interaction only increased the 
level of depression in male and younger samples (b = 0.126, p < 0.01; b = 0.093, 
p < 0.1; respectively). Online contacts only reduced the level of depression in 
male samples (b = −0.484, p < 0.1). While online closeness of non-specific rela-
tionships could reduce depression in all subgroups except the subgroup with more 
education.

Discussion

In the context of rapid development of China’s Internet and aging society, the pre-
sent study used the latest national survey data to examine the impact of online 
social capital on the physical and mental health of Chinese middle-aged and older 
adults for the first time. We found that middle-aged and older adults with access to 
the Internet had better physical and mental health than those without, and online 
social capital indeed improved middle-aged and older adults’ physical and mental 

Table 5  Impacts of online social 
capital on Chinese middle-aged 
and older adults’ health: based 
on Heckman sample selection 
model

***p < 0.001, **p < 0.01, *p < 0.05, ^p < 0.1. b: coefficient, SE: 
standard error

Model 1: SRPH Model 2: depression

b SE b SE

Online interaction −0.026 0.035 0.056^ 0.034
Online contacts

  1–4 0.241^ 0.147 −0.021 0.144
  5–9 0.202 0.157 0.021 0.155
  10–19 0.206 0.167 −0.030 0.165
  20–49 0.454* 0.198 −0.184 0.196

  ≥50 0.387^ 0.227 −0.092 0.227
Online closeness 

of non-specific 
relationships

0.025 0.041 −0.126*** 0.041

Online closeness of 
specific relation-
ships

−0.025 0.037 −0.049 0.036

Control variables √ √
Intercept 4.668*** 0.477 1.810*** 0.517
λ −0.552^ 0.286 1.259*** 0.321
n 7470 7469
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health. The size of online socializing was mainly related to physical health ben-
efits, while online closeness of non-specific relationships mainly helped promote 
their mental health. By contrast, the phenomenon that more online interactions 
were related to elevated depression was partly attributed to the sample selection. 
Furthermore, the influence of online social capital on health was different among 
samples’ with different sex, age, residence and education. Accordingly, the afore-
mentioned hypotheses can only be supported on specific online social capital ele-
ments; online social networking size and closeness of interpersonal relationships 
play positive roles in physical and mental health promotion respectively (support-
ing H1), while more online interactions may slightly worsen the mental health of 
Chinese middle-aged and older adults (supporting H2).

Prior studies have already reported that diverse resources embedded in het-
erogeneous social networks usually bring more benefits than homogenous ones in 
terms of physical health promotion (Moore & Kawachi, 2017; Rostila, 2010), and 
our results suggest this view is also applicable to the research on online social 
capital and health. The physical health effect of online contacts number is much 
stronger than that of online interaction frequency and the resulting close connec-
tions, because online interaction with more people brings more heterogeneous 
information and resources, which help older adults maintain and promote their 
physical health. For example, compared with resources embedded in homogenous 
networks, those embedded in heterogeneous networks can help patients obtain 
health information and medical resources more conveniently (Kawachi et  al., 
2013). On the other hand, online social interaction and related social closeness 
usually mean the increase or reinforcement of strong ties; they can help promote 
the mental health of middle-aged and older adults, because affinity is the most 
crucial factor for older adults’ mental health promotion (Jiang et  al., 2020a, b; 
Perkins et  al., 2013. In the unique Chinese contexts, the non-specific “people 
around” usually refer to strong ties from which one can receive enough social 
support, rather than weak ties (Delhey et al., 2011), so an improved connection 
with people around can increase mental health benefits. Based on the above evi-
dence, we believe H1 was supported.

However, more online interactions and the resulting close connections usually 
increase the intensity of strong ties rather than increasing contacts with more het-
erogeneous people or weak ties (Song & Jiang, 2021). Just as some studies have 
reported, such an increase in homogeneous resources has fewer benefits in main-
taining a healthy body (Moore & Kawachi, 2017; Villalonga-Olives & Kawachi, 
2019), which is in line with our results. Similarly, prior studies have also reported 
that excessive online socializing may lead to negative mental health consequences 
(Song et  al., 2014; Venden et  al., 2019), and problematic social media use is 
related to elevated loneliness among the elderly (Meshi et  al., 2020), because 
excessive online socializing may result from lacking offline social connections or 
interactions. It has been confirmed that there is a negative association between 
online socializing and offline community-based social capital, because excessive 
SNS use may squeeze time spent interacting with neighbors or friends (Hage et al., 
2016; J. Song & Jiang, 2021). Thus, middle-aged and older adults should pursue 
the positive consequences brought by online socializing such as the promotion of 
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intimate relationships, rather than blindly pursuing excessive social interactions. 
Similarly, heterogeneous relationships associated with using the Internet to con-
nect with more people rarely produce positive mental health benefits, because the 
mental health in middle-aged and older adults usually benefits more from strong 
ties (Perkins et al., 2013) rather than weak ties. Based on the above evidence, we 
conclude that H2 is also supported to some extent.

When it comes to the impact of online socializing size on the health of middle-
aged and older adults, the marginal advantage effect may simultaneously appears in 
both health advantaged and disadvantaged groups. Males and middle-aged adults 
are health advantaged groups, and their online social capital has more instrumen-
tal functions or purposes such as building or maintaining interpersonal relationships 
in the workplace, which is more helpful for them to acquire health resources and 
benefits (Kawachi et al., 2013). Although rural and less educated middle-aged and 
older adults belong to health disadvantaged groups, they have gained more marginal 
benefits in SNS use, which provides some insights for narrowing the health inequal-
ity caused by digital gap. Additionally, most of the well-educated middle-aged and 
older adults in CGSS2017 should be social elites belonging to the upper class, 
and excessive online socializing may squeeze too much time and opportunities for 
them to acquire other resources that can bring more benefits, which leads to nega-
tive health consequences. Rural samples own more bonding social capital (Jiang & 
Kang, 2019), and the health benefits obtained from online socializing may be far 
fewer than those obtained from face-to-face socializing for them, so the health effect 
of online social capital may be weak or even negative because of this squeeze effect 
(Song & Jiang, 2021). Similarly, the instrumental resources that male and middle-
aged groups gain from online socializing also contribute to their mental health pro-
motion. However, the elevated closeness brought by online socializing cannot bring 
sufficient mental health benefits for well-educated middle-aged and older adults, 
because it squeezes too much time and opportunities to acquire other resources that 
can bring more mental health benefits.

Implications and Limitations

The aforementioned results provide some policy implications. First, in the context of 
aging and increasing burden of disease, the rapid development of Internet techniques 
provides some supports to address these problems. We should continue to develop 
the Internet and provide more access to the Internet for rural and less educated mid-
dle-aged and older adults, so as to make it a powerful weapon for the unhealthy to 
seek health equity and narrow the digital gap in modern society. Second, the distinct 
effects of different online social capital forms on health, as well as some unique health 
problems of middle-aged and older adults, deserve more attention. For example, for 
those with poor physical health, more opportunities should be provided to increase 
their online socializing with diverse groups so as to help them acquire useful health 
information and resources; for those with poor mental health, more chances should be 
provided to increase their online socializing with close people so as to strengthen their 
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strong ties. Finally, the relationship between online and offline socializing should be 
focused; excessive online socializing is not encouraged to avoid squeezing too much 
time spent in offline socializing and its potential negative health consequences.

There are at least three limitations to this study. First, because the cross-sec-
tional survey data are used, there may be simultaneity bias in the estimation of 
impact of online social capital on middle-aged and older adults’ health, and it 
is also hard to investigate the temporal change in this impact. Second, there is 
no widely acknowledged and used online social capital scale, so we can only 
measure online social capital based on classical social capital theory and some 
prior studies, which may lead to some measurement errors. Finally, two health 
outcomes used are self-reported and single-item, which may also result in some 
measurement errors. Thus, further work is needed to discuss this topic.

Appendix 1

Table 6

Table 6  Group differences in Internet access among Chinese middle-aged and older adults

Percentage % was reported for categorical variables, and mean value was reported for continuous vari-
ables

Variables Groups No access to 
the Internet

Access to the 
Internet

T/χ2 test p value

Sex male 85.6 14.4 6.55 0.011
female 87.6 12.4

Age 61.97 55.95 17.30 <0.001
Residence rural 93.7 6.3 231.42 <0.001

urban 81.8 18.2
Education illiteracy 98.8 1.2 565.92 <0.001

primary school 93.6 6.4
junior high school 83.2 16.8
senior high school 75.9 24.1
college or above 71.1 28.9

Internet penetration rate 0.55 0.61 −16.21 <0.001
SRPH 3.12 3.47 −9.68 <0.001
Depression 2.29 2.10 5.66 <0.001
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Appendix 2

Table 7

Table 7  Heterogeneity in impact of online social capital on Chinese middle-aged and older adults’ physi-
cal health: based on Heckman sample selection model

***p < 0.001, **p < 0.01, *p < 0.05, ^p < 0.1. Only coefficients and p value were reported to save space. 
Although the Mills rate λ was not statistically significant in most subgroups, the Heckman sample selec-
tion model included more samples and had more statistical power

male female younger older urban rural less educa-
tion

more edu-
cation

Online 
interac-
tion

−0.029 −0.020 −0.013 −0.083 −0.019 −0.086 0.033 −0.108*

Online contacts
  1–4 0.363^ 0.020 0.210 0.467* 0.226 0.399 0.320 −0.062
  5–9 0.323 −0.021 0.297 0.171 0.163 0.587 0.215 0.008
  10–19 0.326 −0.027 0.246 0.407 0.154 0.578 0.158 0.023
  20–49 0.540* 0.350 0.611* 0.318 0.399^ 0.690 0.740* 0.146

  ≥50 0.688* −0.067 0.472^ 0.336 0.270 1.463* 1.037* 0.051
Online 

closeness 
of non-
specific 
relation-
ships

0.037 0.022 −0.020 0.117 0.003 0.134 0.093 −0.024

Online 
close-
ness of 
specific 
relation-
ships

−0.057 0.006 −0.007 −0.048 0.026 −0.241* −0.024 −0.048

Control 
variables

√ √ √ √ √ √ √ √

Intercept 4.757*** 4.301*** 4.219*** 3.734** 4.761*** 3.237* 4.127*** 5.180***
λ −0.799^ −0.217 −0.388 −0.428 −0.436 −2.162 −0.540 −0.426
n 3547 3992 3401 4068 4342 3127 5654 1815
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Appendix 3

Table 8

Table 8  Heterogeneity in impact of online social capital on Chinese middle-aged and older adults’ 
depression: based on Heckman sample selection model

***p < 0.001, **p < 0.01, *p < 0.05, ^p < 0.1

male female younger older urban rural less educa-
tion

more edu-
cation

Online 
interac-
tion

0.126** −0.033 0.093^ −0.019 0.036 0.119 0.036 0.072

Online contacts
  1–4 −0.265 0.374 −0.101 0.027 0.077 −0.374 −0.223 0.265
  5–9 −0.103 0.264 −0.124 0.226 0.096 −0.288 −0.110 0.148
  10–19 −0.151 0.234 −0.124 0.009 0.038 −0.288 0.105 0.003
  20–49 −0.444^ 0.281 −0.442 0.127 −0.066 −0.722 −0.344 −0.040

  ≥50 −0.484^ 0.501 0.050 −0.349 0.003 −0.532 −0.207 0.031
Online 

closeness 
of non-
specific 
relation-
ships

−0.139** −0.125* −0.109^ −0.178* −0.129** −0.138^ −0.185** −0.088

Online 
close-
ness of 
specific 
relation-
ships

−0.055 −0.029 −0.066 −0.023 −0.047 −0.037 0.000 −0.062

Control 
variables

√ √ √ √ √ √ √ √

Intercept 1.195 2.411** −2.114 1.575 1.898** 3.335** 3.622*** 0.636
λ 1.742** 0.803* 2.353** 0.472 1.355*** 0.267 1.028** 1.383**
n 3546 3922 3400 4068 4341 3127 5654 1814
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