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Abstract

Background: Mental health issues have emerged as a global challenge, particularly affecting middle-aged and older adults.
Research has shown that internet use can potentially promote mental health. Substantial research investigated the relationship
between mental health and internet usage time or purposes. However, few studies have examined the association between internet
usage time trajectories and mental health.

Objective: The objective of this study was to identify distinct trajectories of internet usage time over a span of 11 years and
assess their relationship with depressive scores among middle-aged and older adults.

Methods: Using longitudinal data from the China Family Panel Studies spanning from 2010 to 2020 and consisting of 5 waves.
Participants older than 45 years with internet usage data available for at least 3 waves, including wave 5, were included in the
analysis. Internet usage time was operationalized as the number of hours spent on the internet per week, while depressive scores
were assessed using the 8-item Center for Epidemiologic Studies Depression Scale (CES-D 8). A latent class mixed model was
used to identify distinct trajectories of internet usage time over the course of this period. Mixed-effect models were used to test
the relationship between distinct trajectories of internet usage time and depressive scores.

Results: Among 9163 middle-aged and older adults were included in the analysis. The trajectory analysis identified 3 clusters:
“Never use,” “Slow increase,” and “Rapid increase.” The “Never use” cluster indicated no internet use for one decade. In the
slow increase cluster, internet use rose slowly with an average of 7.69 hours per week in 2020. In contrast, the “Rapid increase”
cluster exhibited a sharp increase, reaching 15.13 hours per week in 2020. Compared to the “Never use” cluster, the “Slow
increase” cluster was significantly negatively associated with depressive scores among middle-aged and older adults (coefficient
–0.20, 95% CI –0.34 to –0.06), while the “Rapid increase” cluster showed no significant association. The benefits of internet use
were more pronounced among females and older adults with chronic diseases than among their male and older adult counterparts
without chronic diseases. The sensitive analysis confirmed the robustness of the results.

Conclusions: This study identified 3 trajectory clusters of internet usage time among middle-aged and older adults in China
from 2010 to 2020. Compared to the older adults who never used the internet, those whose internet usage increases gradually
over time exhibited slightly lower depressive scores. Notably, the “Slow increase” cluster exhibited a negative association with
depressive scores, with this association being statistically significant in females and older adults with chronic diseases, but not
in males or those without chronic diseases. Future initiatives should aim to establish an older adult–friendly internet environment
to facilitate internet access for older adults and promote moderate internet use.
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Introduction

Along with the development of information communication
technology, the number of people using the internet is increasing
rapidly. There are approximately 67% of the world’s population,
5.4 billion people, using the internet in 2023 [1]. In China, the
internet users are 1079 million as of June 2023, and the internet
penetration rate has grown from 34.3% in 2010 to 76.4% today
[2]. Despite rapid growth rates, internet usage among older
adults remains lower than that among younger adults worldwide
[3]. In terms of the group not using the internet in China, 41.9%
are older than 60 years and 59% are in rural areas [2]. The
government of China issued opinions on promoting the
development of “Internet plus Health Care” in 2018, putting
forward the policy measures on health care services, public
health services, medical education, science dissemination, etc
[4]. To access internet health care services and meet their health
care needs, individuals, especially older adults, must first be
internet users. Therefore, understanding internet usage patterns,
particularly trajectories, is crucial for promoting access to
internet health care services.

Mental health, as a global public good, is essential to sustainable
development in all countries and constitutes a fundamental
human right for all individuals [5]. For depressive disorders,
5% of adults experience depression globally, particularly acute
for older persons and low- and middle-income country groups
[6,7]. China, a large population country with rapid aging, had
a moderate prevalence rate of depression at 3.99% in 2017, and
the prevalence rate decreased among individuals aged 5-54
years and increased in those over 55 years old compared to 1990
[8]. The prevalence rate of depression in individuals older than
60 years in China ranges from 11% to 57% with different
measures [9]. Under the severe challenge of mental health,
internet-mediated interventions could be promising solutions
because they delineate the effectiveness and lower costs in
changing lifestyles and noncommunicable disease management
[10,11]. Digital tools play an essential role for individuals with
mental disorders, facilitating access to social support, enabling
the screening and diagnosis of mental disorders, and supporting
treatment processes [5]. Promoting internet access and
elucidating the relationship between internet use and mental
health are essential for enhancing mental well-being.

Numerous studies have investigated the relationship between
internet usage and mental health among older adults, yielding
mixed empirical findings. Current research on internet use and
mental health focuses on three main areas: first, the majority of
research examines whether individuals use the internet and their
frequency of use. Internet use or the frequency of use is
positively associated with subjective well-being [12],
psychological well-being [13], remission of loneliness [14],
higher health-related quality of life [15], decreasing the risk of
chronic diseases [16], and mitigating the depressive symptoms
[17,18] among older adults. The benefit of the positive
relationship is particularly effective for frail, low-income group,
and unhealthy groups [13,19]. Noteworthy, the benefit could

be offset by overuse by increasing usage frequency and length
[20,21]. Nonetheless, internet use has been reported as not
related to depression [22], even negatively associated with life
satisfaction [23]. Second, some studies have focused on specific
aspects of internet use, such as social networking sites and
different purposes. Social networking site use is positively
associated with life satisfaction in European older people [24].
China also has reported the same finding that using WeChat, a
popular social networking site in China, is associated with lower
depression and higher quality of life among older adults [25,26].
Concerning the purposes of internet use, it is divided into social
(connecting with others), instrumental (banking and commercial
activities), and informational (reading information) purposes
[27]. The results show that internet use for entertainment and
social contact is negatively related to depressive symptoms,
while not relieving depression for purposes of working and
commercial activity [28]. The same reported that the internet
for social and leisure-related activities scored higher
psychological well-being compared to the lowest frequency of
internet activities [29]. Finally, some studies have focused on
analyzing pathways and mechanisms underlying the relationship
between internet use and mental health. Social participation and
social capital are the two main factors mediating the relationship
between internet use and depression, mental health, and
successful aging [27,30-32].

However, longitudinal and mechanistic research in this field is
scarce. The majority of studies examining the relationship
between internet usage and mental health have been constrained
by assessing only 2 indicators at a single time point. This
cross-sectional approach fails to capture the intraindividual
variability in internet use over time. Furthermore, within
longitudinal studies, internet usage is expected to vary among
subgroups due to the heterogeneity of older adults, who exhibit
specific patterns of internet usage. For example, a cross-sectional
study of internet activities among older adults showed that older
adults were distinguished into four clusters: “practical users,”
“minimizers,” “maximizers,” and “social users” [29]. To the
best of our knowledge, there is no research on the trajectories
of internet usage over longitudinal periods. Understanding the
diverse patterns of internet usage among older adults sheds light
on the relationship between different trajectories of internet
usage and mental health outcomes.

This study uses data from 5 waves, 11 years of longitudinal data
from 2010 to 2020, from The China Family Panel Studies
(CFPS) to solve the questions as follows: (1) the number of
distinct trajectories of internet usage time among middle-aged
and older adults in China from 2010 to 2020 and (2) the
relationship between distinct trajectories of internet usage time
and depressive scores among Chinese middle-aged and older
adults.
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Methods

Study Design
This study was a prospective cohort study aiming to analyze
the trajectories of internet usage time among middle-aged and
older adults from 2010 to 2020 and to investigate the
relationship between different trajectory classes of internet use
and depressive scores in this population.

Setting
All data used in this study were obtained from the CFPS, a
nationally representative longitudinal survey conducted by the
Institute of Social Science Survey at Peking University [33].
The baseline survey of CFPS was conducted in 2010, and the
subsequent surveys were conducted every 2 years, with the
latest being in 2020. The 2010 baseline survey covered 25
provinces, municipalities, or autonomous regions, using a
multistage, multilevel, probabilistic sampling proportional to
population size method, thereby representing 95% of the
population in China [34]. With the subsequent surveys
conducted, the sample size was scaled up and the survey of
2020 contained 31 provinces, municipalities, or autonomous
regions. However, the key indicator of internet usage time was
not surveyed in 2012. Therefore, this study used data from the
2010, 2014, 2016, 2018, and 2020 waves for analysis.

Participants
The eligibility criteria for inclusion in this study were as follows:
(1) individuals older than 45 years, as the study focused on
middle-aged and older individuals and (2) individuals with data
on internet usage time available from at least 3 waves of CFPS
(2010, 2014, 2016, 2018, and 2020), and who were present in
2020 wave for analysis of internet usage time trajectories and
depressive scores. Figure S1 in Multimedia Appendix 1
illustrates the sample selection process. Initially, there were
56,962 individuals across the 5 waves from 2010 to 2020. After
excluding those younger than 45 years and those with missing
internet usage time indicators, 23,192 individuals remained.
Following the application of the second eligibility criterion,
9163 individuals remained, forming the sample for descriptive
and regression analyses. Of these, 5134 individuals who reported
0 hours of internet usage across all waves were categorized as
“never use.” The remaining 4029 individuals with recorded
internet usage time were included in the trajectory analysis of
internet usage. In total, 9163 individuals were analyzed to
investigate the relationship between distinct internet usage
trajectories and depressive scores.

Assessments and Data Sources

Internet Usage Time
The internet usage time was the exposure factor that was
measured at years 0, 4, 6, 8, and 10 because year 2 did not
survey internet usage. At years 0, 4, 6, and 8, internet usage
time was measured with one question “In general, how many
hours do you use internet per week.” At year 10, internet usage
time was measured “In general, how many hours do you use
internet per week through mobile devices.” In the original
questionnaire at year 10, internet usage was categorized as

mobile device usage and computer usage independently, which
caused the sum of these 2 categories over 24 hours in 1 day,
because individuals can use both simultaneously. Finally, this
study selected mobile device usage as internet usage time, due
to the high prevalence rate of mobile devices using –99.8% of
the netizens in China [2]. The internet usage time in 5 waves
indicated the hours that individuals used the internet generally
per week.

Depressive Scores
Depressive scores were the main outcome and measured with
the Center for Epidemiologic Studies Depression Scale Short
Form (CES-D 8), an 8-item self-reported scale of feelings or
behavior that occurred in the past week [35]. The CES-D 8 was
measured in 2016, 2018, and 2020, as it was not administered
in the first two survey waves. Respondents answered the 8
questions using a 4-point scale ranging from “hardly ever” (less
than 1 d) to “most of the time” (5-7 d), with scores ranging from
1 to 4, respectively. The total score of these 8 items serves as
the indicator of the depressive scores, with higher scores
signifying serious symptoms. The CES-D 8 is a well-established
scale for assessing depressive scores across different ages and
countries, and it has been validated in the Chinese context as
well [36,37].

Covariates
Covariates were identified based on the literature review and
previous studies [19,38,39]. Four categories of variables were
considered as covariates: individual demographics (age, gender,
marital status, and education level), habits and behaviors
(smoking and alcohol consumption), personal economic and
welfare status (medical insurance, employment status, residence,
and per capita household income quantile), and health conditions
(presence of chronic disease, self-reported health status, and
life satisfaction). These covariates were controlled for reducing
confounding factors to provide compelling evidence of
depressive scores. Further details of the covariates are available
in Multimedia Appendix 1.

Study Size
According to the eligibility criteria for inclusion and the flow
chart of participant selection in Figure S1 in Multimedia
Appendix 1. The final sample size for the trajectory analysis of
internet usage time included 4029 individuals, and for the
regression analysis examining the relationship between internet
usage time trajectories and depressive scores, the sample size
was 9163 individuals. We did not estimate the sample size
before the analysis, as the public dataset provides sufficient
volume for trajectory or longitudinal analyses, consistent with
previous research [40,41]. Subsequently, we verified the
statistical power of the mixed-effect model with the existing
sample size using the R (R Core Team) package “simr” [42].
After 1000 simulations, the average power was 87.30% (95%
CI 85.08%- 89.30%).

Data Analysis
Latent class mixed modeling (LCMM) was used to identify
distinct trajectories of individual internet usage time across all
included waves. LCMM was applied to analyze the class
trajectories of the longitudinal indicator with individual-level
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random variation within each class [43]. LCMM was performed
using the R “lcmm” package [44]. We conducted 5 models
ranging from one-class to five-class to analyze the latent classes
of internet usage time, incorporating a quadratic term for the
year. The best-fitting model considers the lowest Akaike’s
information criteria (AIC), lowest Bayesian information criteria
(BIC), and at least 5% of study individuals in each class [43].
Then calculating the posterior probabilities of the selected
model, the more closer to 1, indicating better classification [44].
Next, we described the sociodemographic characteristics of
each trajectory class in the 2020 wave. Differences in
characteristics between each trajectory were examined using
the chi-square test and ANOVA.

In order to examine the relationship between internet usage time
trajectories and depressive scores of individuals, a linear
mixed-effect model was conducted from 2016 to 2020,
incorporating all time points at which depressive scores were
assessed. Linear mixed-effect models account for both fixed
and random effects, allowing examination of within-participant
and between-participant variations across repeated
measurements [45]. The dependent variable was depressive
scores, and the key independent variable was the different
classes of internet usage time trajectories. All covariates were
adjusted to reduce the confounder factors. Furthermore,
heterogeneity analysis examined the relationship between
depressive scores and internet usage time trajectories across
four subgroups: sex (female vs male), residence (rural vs urban),
possession of medical insurance (no vs yes), and chronic disease
(no vs yes). Separate linear mixed-effect models were estimated
for each subgroup, and interaction terms were included to assess
significant differences in the effects of trajectories across these
subgroups. Finally, to evaluate the potential effect of sample
selection bias on the regression results, individuals present in
all 5 waves were included in the sensitivity analysis. The
sensitivity analysis mirrored the initial analysis, incorporating
analysis of internet usage time trajectories and regression
analysis examining the relationship between classes of internet
usage time trajectories and depressive scores. Besides, to reflect

depression symptoms rather than depression scores, a binary
variable was created, with the cutoff score of 17 or higher on
the CES-D 8 indicating significant depressive symptoms [37].
The mixed-effect logistic model from 2016 to 2020 was
conducted to examine the effects of internet usage time
trajectories on the depressive symptoms, adjusting for covariates.

Ethical Considerations
The CFPS, as a longitudinal research project involving human
participants, has received ethical review approval from the
Peking University Biomedical Ethics Committee (approval
number IRB00001052-14010). Informed consent is obtained
from participants to ensure their rights to withdraw. Since this
study involves secondary analysis using anonymized data from
the CFPS project, no additional ethical approval was required
after the data was obtained through the official website [46].
The data were anonymized when CFPS published the data, and
the analysis does not involve new interactions with participants.

Results

Internet Usage Time Trajectories and Basic
Description
Among the trajectories of the 4029 individual adults, 2 classes
of trajectories were selected as the best-fitted model. All the
goodness of fit indices among the 5 classes were reported in
Table S1 in Multimedia Appendix. Based on the trajectory
trends, 2 distinct classes were identified and labeled as “slow
increase” and “rapid increase,” representing the patterns of
internet usage time over a decade. Figure 1 illustrates the classes
of internet usage time trajectories, with the majority, accounting
for 41.26%, categorized in the slow increase group. Individuals
were classified as slow increase with a mean posterior
probability of 80.5% and as rapid increase with a mean posterior
probability of 87.3%. Furthermore, within the cohort of 5134
individuals, internet usage time was recorded as 0, indicating
that this group of individuals never used the internet. This group
was designated as the “never use” class.

Figure 1. Internet use time trajectories among 9163 middle-aged and older adults. The latent class mixed model identified classes of individuals with
similar trajectories of internet use over 11 years. The trajectories of internet use time were identified and showed with 95% CIs (dashed area).

Among the 9163 individuals included, 1410 (10.46%) existed
in 3 waves, 2555 (25.27%) existed in 2 waves, and 5198
(64.27%) existed in all 5 waves. Table 1 describes the basic
characteristics of 3 classes of individuals. The “never use” class
had the highest average age of 63.89 (SD 8.517), the lowest

education level (93.18% below middle school), the lowest
medical insurance coverage (91.34%), the lowest urban
residence rate (39.43%), and the lowest per capita household
income, with 67.70% in the lower quantile compared to the
other classes. The “slow increase” class had the highest marriage
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percentage at 91.14% and the lowest percentage of individuals
suffering from chronic diseases at 22.58% compared to the other
classes. The depressive scores in the class of never use, slow
increase, and rapid increase were 14.05, 13.19, and 13.28,
respectively. In the “slow increase” cluster, internet usage time
was 8.41 hours per week, whereas in the “rapid increase” cluster,

it was 43.12 hours per week. In terms of the comparison among
these 3 classes, the results of the chi-square test and ANOVA
showed that all covariates exhibited significant differences in
the 3 classes (P<.001), except for the tobacco consumption
(P=.02), and alcohol consumption (P=.46).

Table 1. Characteristics of the study population in 2020.

P valueRapid increase (n=248)Slow increase (n=3781)Never use (n=5134)Characteristics

<.00157.48 (7.231)57.48 (7.003)63.89 (8.517)Age (years), mean (SD)

<.001Sex, n (%)

128 (51.61)1742 (46.07)2702 (52.63)Female

120 (48.39)2039 (53.93)2432 (47.37)Male

<.001Marital status, n (%)

35 (14.11)335 (8.86)755 (14.71)No

213 (85.89)3446 (91.14)4379 (85.29)Yes

<.001Education level, n (%)

130 (52.42)2684 (70.99)4784 (93.18)Below middle school

118 (47.58)1097 (29.01)350 (6.82)High school and above

.02Tobacco, n (%)

184 (74.19)2631 (70.10)3644 (72.79)No

64 (25.81)1122 (29.90)1362 (27.21)Yes

.46Alcohol, n (%)

210 (84.68)3138 (83.61)4234 (84.58)No

38 (15.32)615 (16.39)772 (15.42)Yes

<.001Medical insurance, n (%)

11 (4.47)229 (6.14)428 (8.66)No

235 (95.53)3502 (93.86)4516 (91.34)Yes

<.001Employment, n (%)

120 (48.39)1179 (31.22)1783 (34.87)No

128 (51.61)2597 (68.78)3331 (65.13)Yes

<.001Residence, n (%)

41 (17.30)1545 (42.13)3064 (60.57)Rural

196 (82.70)2122 (57.87)1995 (39.43)Urban

<.001Per capita household income quantile, n (%)

64 (26.45)1487 (40.04)3393 (67.70)0%-50%

178 (73.55)2227 (59.96)1619 (32.30)50%-100%

<.001Chronic diseases, n (%)

188 (75.81)2904 (77.42)3675 (73.34)No

60 (24.19)847 (22.58)1336 (26.66)Yes

<.0013.238 (1.111)3.143 (1.176)3.341 (1.312)Health status

<.0013.866 (0.96)4.067 (0.908)4.238 (0.927)Life satisfaction

<.00113.28 (4.412)13.19 (4.188)14.05 (4.576)Depression (CES-Da score)

<.00143.12 (15.13)8.41 (7.687)0 (0)Internet usage time

aCES-D: Center for Epidemiologic Studies Depression Scale.
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Relationship Between Internet Usage Time Trajectories
and Depressive Scores
A total of 9 covariates, including employment status, residence,
chronic diseases, self-reported health status, life satisfaction,
tobacco use, alcohol consumption, medical insurance, and per
capita household income quantile had missing data, with a
prevalence rate of less than 1.20%. Overall, 324 observations
were excluded due to missing data for the dependent variable,
depressive scores. Table 2 describes the relationship between
classes of internet usage time trajectories and depressive scores.
In comparison to the “never use” class, the “slow increase” class
exhibited a negative association with the depression score

(coefficient –0.20 P=.006), suggesting that slower increases in
internet usage time were positively correlated with remission
of depressive scores. However, the class of rapid increase was
insignificant related to the depressive scores. Regarding the
covariates, male (P<.001), being marital (P<.001), higher
educational level (P<.001), alcohol consumption (P=.02),
possession of medical insurance (P<.001), urban residence
(P<.001), higher income (P<.001), and greater life satisfaction
(P<.001) were negatively associated with the depression scores.
Consuming tobacco (P=.008), being employed (P=.008), having
chronic disease (P<.001), and having bad health status (P<.001)
were positively correlated with depression scores. There was
no significant relationship between depressive scores and age.

Table 2. Association between trajectories of internet use time and depressive scores.

Depressive scores, coefficient (95% CI)Variables

Trajectory of internet usage time (reference=never use)

–0.20a (–0.34 to –0.06)Slow increase

–0.31 (–0.70 to 0.08)Rapid increase

–0.01 (–0.01 to 0.00)Age (years)

Sex (reference=female)

–1.02b (–1.17 to –0.87)Male

Marital status (reference=no)

–1.64b (–1.83 to –1.45)Yes

Education level (reference=below middle school)

–0.57b (–0.74 to –0.40)High school and above

Tobacco (reference=no)

0.20a (0.05 to 0.34)Yes

Alcohol (reference=no)

–0.17c (–0.31 to –0.03)Yes

Medical insurance (reference=no)

–0.45b (–0.63 to –0.27)Yes

Employment (reference=no)

0.17a (0.04 to 0.29)Yes

Residence (reference=rural）

–0.67b (–0.80 to –0.55)Urban

Per capita household income quantile (reference=0%-50%)

–0.55b (–0.65 to –0.44)50%-100%

Chronic disease (reference=no)

0.76b (0.65 to 0.87)Yes

0.71b (0.67 to 0.75)Health status

–0.67b (–0.71 to –0.62)Life satisfaction

aP<.01.
bP<.001.
cP<.05.
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Heterogeneity Analysis With Different Characteristics
Figure 2 shows the heterogeneity results for the relationship
between internet usage time trajectories and depression scores
across different subgroups. Specifically, it displays the results
of “rapid increase” compared to “never use,” while the full
results are available in Tables S2 and S3 in Multimedia
Appendix 1. Significant subgroup differences in the effect of
the “slow increase” trajectory on depression scores were
observed for gender (P=.04 for interaction term) and chronic
disease status (P=.02 for interaction term). The significant

negative relationship between the “slow increase” class and
depression scores was determined in females (coefficient –0.27,
95% CI –0.48 to –0.05), with no significant association observed
in males. Among older individuals with chronic diseases, the
“slow increase” class was significantly negatively associated
with depression scores (coefficient –0.39, 95% CI –0.67 to
–0.10), while no significant association was seen in those
without chronic diseases. No significant interactions were found
for residence or medical insurance, indicating that the impact
of the “slow increase” in internet usage time is consistent across
these subgroups.

Figure 2. Regression results of the heterogeneity analysis. The figure shows the effect of the “slow increase” internet sage trajectory compared to
“never use.” All models were adjusted for gender, marital status, education level, tobacco, alcohol, medical insurance, employment, residence, per capita
household income quantile, chronic disease, health status, and life satisfaction, as outlined in Table 2.

Sensitivity Analysis for Individuals Presenting in All
Five Waves
In order to examine the robustness of the results, the individuals
following all 5 waves were included as the study participants.
The trajectory analysis of internet usage time and the
relationship analysis between classes of internet usage time
trajectories and depressive scores followed the same methods
as previously reported. A total of 5198 individuals were
followed up in all 5 waves. The optimal number of classes for
internet usage time trajectories remained at 2. There were 1725
individuals in the “slow increase” class, while the “rapid
increase” class comprised 116 individuals. Figures S2 and S3,
along with Tables S4 and S5 in Multimedia Appendix 1, depict
the results of the sensitivity analysis, including trajectories of
internet usage time and descriptions of basic characteristics
among different classes. When examining the relationship
between classes of internet usage time trajectories and
depressive scores in the sensitivity analysis, the “slow increase”
class exhibited a negative relationship with depression scores
compared to the “never use” class (coefficient –0.33, P=.001),
whereas the “rapid increase” class showed no significant
association (coefficient –0.25, P=.03). The relationship results
were consistent with those of the primary analysis, suggesting
that a gradual increase in internet usage time was significantly
associated with lower depression scores among middle-aged
and older adults in China.

In order to reflect the relationship between internet usage time
trajectories and actual depression symptoms, the mixed-effect

logistic model was used. The detailed results are provided in
Table S6 in Multimedia Appendix 1. The analysis indicated
that the older people in the “slow increase” class had a lower
risk of depressive symptoms compared to “never use” class
(odds ratio 0.87, 95% CI 0.77-0.97). No significant association
was found between the “rapid increase” class and reduced risk
of depressive symptoms. These results align with previous
findings, suggesting that increasing the internet usage time
slowly may mildly mitigate depression symptoms.

Discussion

Principal Findings
Using data on internet usage among middle-aged and older
adults from CFPS spanning 2010-2020, this study categorized
trajectories of internet usage time and investigated their
relationship with depressive scores. The analysis revealed three
distinct trajectories: 5134 (56.03%) middle-aged and older adults
never used the internet over the decade; 3718 (41.26%) showed
a slow increase in internet usage time; and 248 (2.71%)
individuals exhibited a very rapid increase in internet usage
time. In comparison to middle-aged and older adults who never
used the internet, those with a slow increase in internet usage
time exhibited a negative correlation with depressive scores,
while the rapid increase group showed no significant association
with depressive scores. The findings remained robust when
tested on a more restricted cohort monitored over 5 waves.
Replacing the dependent variable with a binary measure to
reflect actual depressive symptoms yielded consistent results.
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Notably, among female older adults and those with chronic
diseases, there was a significant relationship between a slow
increase in internet usage time and depressive scores compared
to their counterparts.

From 2010 to 2020 in China, 56.03% of middle-aged and older
adults never used the internet; this group predominantly
comprised older individuals, rural residents, and those in the
lower per capita household income quantile. This distribution
of internet usage was common worldwide. While the global
proportion of internet users rose from 29.3% in 2010 to 53.6%
in 2019 [47], significant disparities persisted across different
development levels and between urban and rural areas. To
address this issue, increasing the availability of internet facilities
and promoting greater internet access among middle-aged and
older adults is essential. On one hand, the internet infrastructure,
device availability, and access fees are the prerequisites for
internet access among older adults. Governments and businesses
should invest in upgrading internet infrastructure to ensure
service accessibility in remote areas. In addition, the
development of affordable devices with basic functions tailored
to older adults, supported by policy incentives to reduce
purchase costs and internet fees, should be prioritized [48]. In
2023, a total of 74 of 188 economies failed to meet the
affordability target for data-only mobile broadband, set at less
than 2% of monthly gross national income per capita [1]. For
instance, China has issued policies to promote internet health
care at the governance level [4], while the Singaporean
government has taken steps to improve access by renting digital
devices to older adults who could not afford them [49]. On the
other hand, alongside accessible and affordable internet devices,
fostering digital skills and positive attitudes toward internet use
among older adults is essential. Addressing concerns such as
technological literacy, internet trust, and internalized ageism is
vital for digital inclusion [48,50,51]. Governments and
communities should take responsibility for providing training
to improve digital skills among older adults [49]. Mentoring
support from third parties, especially peers or family members,
is also important for enhancing internet usage and skills [52,53].
In addition, enterprises should design user-friendly internet
applications with simplified interfaces tailored to older adults,
thereby facilitating broader access to digital services and
improving overall digital integration.

Compared to middle-aged and older adults who never used the
internet, those who gradually increased their internet usage
exhibited a negative relationship with depressive scores.
Consistent with the previous studies conducted in the United
States, England, and China, internet use exhibited a significantly
negative association with depressive scores among older people
[17,18,54]. The physiological reasons for the result might be
dopamine, which is positively correlated with weekly online
time, and the role of reduced dopaminergic neurotransmission
in major depression [55,56]. Besides, chatting is the dominant
purpose for older people using the internet [57], which increases
the frequency of contact with their children and increases the
enjoyment of life [28]. In addition, another opportunity of using
internet among older people is the reduction of social isolation,
which is negatively associated with depressive scores [58,59].
Furthermore, receiving health information from the internet

might positively modify health behavior [22,57]. Anyway, using
the internet moderately has huge potential opportunities for
improving the health benefits among middle-aged and older
adults.

The rapid increase in internet usage time among middle-aged
and older adults is not associated with depressive scores
compared to nonusers. The result indicated that using the
internet in moderation is important. Problematic internet use or
internet addiction, defined as excessive internet usage and
negative consequences such as lying, poor academic
performance, and fatigue, remains primarily focused on
adolescents [60-62]. Although the rapid increase in internet
usage time in this study is not associated with worse mental
health, the potential challenges of more rapid increases in
internet usage time cannot be ignored. Previous research
described that internet use was significantly associated with
positive mental health or well-being, and that the benefits are
counteracted by longer or more frequent internet use [20,21].
The offset effect of excessive internet use was also demonstrated
in this study, although we did not know what the cutoff point
of internet usage time was from benefitting mental health to
nonbenefits. Avoiding rapidly increasing internet usage time
and promoting reasonable internet use among middle-aged and
older adults are significant for maintaining better mental health.

The effect of gradually increasing internet usage on depression
scores varied significantly by gender and chronic disease status.
Older adults who were female or had chronic diseases showed
a stronger association between the “slow increase” trajectory
and reduced depression scores, whereas this effect was not
observed in their male and nonchronic disease counterparts.
These findings align with existing literature, which indicates
that internet use may be associated with improved mental health
outcomes in females [32,63,64], this result may be due to the
role of social participation in mediating the relationship between
internet use and mental health. Internet use provides an
accessible and cost-effective avenue for social engagement,
particularly beneficial for women, who may have limited time
for social interactions in China [32,63]. Regarding individuals
with chronic diseases, social isolation has been shown to
exacerbate morbidity and mortality [65]. Internet use offers
these individuals enhanced opportunities for social contact and
support, potentially improving their mental health outcomes
[28]. For these vulnerable groups, promoting internet access is
necessary, as they are likely to benefit significantly from it.
However, findings indicate that internet usage among older
females and older adults with chronic diseases remains lower
than among their counterparts. This study suggests that future
policies or community programs aimed at increasing internet
accessibility should prioritize vulnerable older adults,
particularly women and individuals with chronic diseases, by
developing tailored programs that facilitate accessible and
meaningful internet engagement.

Limitations
Based on our findings, there remain 3 limitations in the analysis
of internet usage among middle-aged and older adults. First,
this study used internet usage time as the independent variable,
failing to differentiate between various social networking sites
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that might be associated with depression among older adults.
Second, a more detailed study focusing on the specific internet
functions used by older adults should be conducted, particularly
regarding health information seeking and telehealth. This study
solely measured total internet usage time and did not address
the specific purposes and functions of internet use among older
adults. Finally, the mechanism underlying the relationship
between internet usage trajectories and depressive scores
warrants further investigation. Lifestyle changes, social isolation,
social participation, and social capital are the possible reasons
for mediating internet use and depressive scores.

Conclusions
This study identifies three trajectories of internet usage time
from 2010 to 2020 among middle-aged and older adults in

China: never use, slow increase, and rapid increase. Slowly
increasing the time spent on the internet and reasonably
controlling its use is associated with better depressive scores
among middle-aged and older adults. Furthermore, this
relationship is stronger among females and individuals with
chronic diseases. Future policies should focus on improving
and promoting internet accessibility among middle-aged and
older adults, while also promoting moderate internet usage.
Subsequent research should refine crude total use time of the
internet into different networking sites and functions, as well
as explore the underlying mechanisms linking internet usage
with depression.

Acknowledgments
We thank the China Family Panel Studies and each individual who participated in the survey.

Data Availability
The datasets generated during and/or analyzed during this study are available from the corresponding author on reasonable request.

Authors' Contributions
ML contributed to conceptualization, data curation, formal analysis, software, and writing—original draft. ZZ handled
conceptualization, writing—reviewing and editing, supervision, project administration. JW performed data curation and validation.
DW managed writing—reviewing and editing. RM was involved in writing—reviewing and editing, supervision. WW contributed
to conceptualization, writing—original draft, supervision, project administration.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Covariate descriptions, data cleaning flow chart, model fit indices, and results of sensitivity analyses.
[PDF File (Adobe PDF File), 428 KB-Multimedia Appendix 1]

References

1. Zavazava C. Measuring digital development: facts and figures 2023. ITU. 2023. URL: https://www.itu.int/hub/publication/
d-ind-ict_mdd-2023-1/ [accessed 2025-04-25]

2. The 52th statistical report on internet development in China. China Internet Network Information Center. URL: https:/
/www.cnnic.net.cn/n4/2023/0828/c88-10829.html [accessed 2023-08-28]

3. Hunsaker A, Hargittai E. A review of internet use among older adults. New Media Soc. 2018;20(10):3937-3954. [doi:
10.1177/1461444818787348]

4. Opinions of the general office of the state council on promoting the development of "Internet + Medical Health". State
Council of the People's Republic of China. URL: https://www.gov.cn/zhengce/content/2018-04/28/content_5286645.htm
[accessed 2018-04-08]

5. Patel V, Saxena S, Lund C, Thornicroft G, Baingana F, Bolton P, et al. The lancet commission on global mental health and
sustainable development. Lancet. 2018;392(10157):1553-1598. [doi: 10.1016/S0140-6736(18)31612-X] [Medline: 30314863]

6. Depressive disorder (depression). World Health Organization. URL: https://www.who.int/news-room/fact-sheets/detail/
depression [accessed 2023-03-17]

7. Depression and other common mental disorders. World Health Organization. URL: https://www.who.int/publications/i/
item/depression-global-health-estimates [accessed 2017-01-03]

8. Ren X, Yu S, Dong W, Yin P, Xu X, Zhou M. Burden of depression in China, 1990-2017: findings from the global burden
of disease study 2017. J Affect Disord. 2020;268:95-101. [doi: 10.1016/j.jad.2020.03.011] [Medline: 32158012]

9. Chen Y, Hicks A, While AE. Depression and related factors in older people in China: a systematic review. Rev Clin Gerontol.
2011;22(1):52-67. [doi: 10.1017/s0959259811000219]

J Med Internet Res 2025 | vol. 27 | e64581 | p. 9https://www.jmir.org/2025/1/e64581
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=jmir_v27i1e64581_app1.pdf&filename=9fccee024af6760d12a375a594c52771.pdf
https://jmir.org/api/download?alt_name=jmir_v27i1e64581_app1.pdf&filename=9fccee024af6760d12a375a594c52771.pdf
https://www.itu.int/hub/publication/d-ind-ict_mdd-2023-1/
https://www.itu.int/hub/publication/d-ind-ict_mdd-2023-1/
https://www.cnnic.net.cn/n4/2023/0828/c88-10829.html
https://www.cnnic.net.cn/n4/2023/0828/c88-10829.html
http://dx.doi.org/10.1177/1461444818787348
https://www.gov.cn/zhengce/content/2018-04/28/content_5286645.htm
http://dx.doi.org/10.1016/S0140-6736(18)31612-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30314863&dopt=Abstract
https://www.who.int/news-room/fact-sheets/detail/depression
https://www.who.int/news-room/fact-sheets/detail/depression
https://www.who.int/publications/i/item/depression-global-health-estimates
https://www.who.int/publications/i/item/depression-global-health-estimates
http://dx.doi.org/10.1016/j.jad.2020.03.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32158012&dopt=Abstract
http://dx.doi.org/10.1017/s0959259811000219
http://www.w3.org/Style/XSL
http://www.renderx.com/


10. Lee JY, Lee SWH. Telemedicine cost-effectiveness for diabetes management: a systematic review. Diabetes Technol Ther.
2018;20(7):492-500. [doi: 10.1089/dia.2018.0098] [Medline: 29812965]

11. Aalbers T, Baars MAE, Rikkert MGMO. Characteristics of effective internet-mediated interventions to change lifestyle in
people aged 50 and older: a systematic review. Ageing Res Rev. 2011;10(4):487-497. [doi: 10.1016/j.arr.2011.05.001]
[Medline: 21628005]

12. Jin L, Zhang Z, Jing F. The impact of internet use in the digital age on the subjective well-being of older adults -- an
empirical study based on CGSS2021 data. Heliyon. 2023;9(11):e21528. [FREE Full text] [doi: 10.1016/j.heliyon.2023.e21528]
[Medline: 38027692]

13. Fang Y, Chau AKC, Wong A, Fung HH, Woo J. Information and communicative technology use enhances psychological
well-being of older adults: the roles of age, social connectedness, and frailty status. Aging Ment Health.
2018;22(11):1516-1524. [doi: 10.1080/13607863.2017.1358354] [Medline: 28777010]

14. Wallinheimo AS, Evans SL. Patterns of internet use, and associations with loneliness, amongst middle-aged and older
adults during the COVID-19 pandemic. Healthcare (Basel). 2022;10(7):1179. [FREE Full text] [doi:
10.3390/healthcare10071179] [Medline: 35885706]

15. Philbin MM, Parish C, Pereyra M, Feaster DJ, Cohen M, Wingood G, et al. Health disparities and the digital divide: the
relationship between communication inequalities and quality of life among women in a nationwide prospective cohort study
in the United States. J Health Commun. 2019;24(4):405-412. [FREE Full text] [doi: 10.1080/10810730.2019.1630524]
[Medline: 31198091]

16. Li P, Zhang C, Gao S, Zhang Y, Liang X, Wang C, et al. Association between daily internet use and incidence of chronic
diseases among older adults: prospective cohort study. J Med Internet Res. 2023;25:e46298. [FREE Full text] [doi:
10.2196/46298] [Medline: 37459155]

17. Cotten SR, Ford G, Ford S, Hale TM. Internet use and depression among retired older adults in the United States: a
longitudinal analysis. J Gerontol B Psychol Sci Soc Sci. 2014;69(5):763-771. [doi: 10.1093/geronb/gbu018] [Medline:
24671896]

18. Zhu H, Li Z, Lin W. The heterogeneous impact of internet use on older people's mental health: an instrumental variable
quantile regression analysis. Int J Public Health. 2023;68:1605664. [FREE Full text] [doi: 10.3389/ijph.2023.1605664]
[Medline: 36960409]

19. Yuan H. Internet use and mental health problems among older people in Shanghai, China: the moderating roles of chronic
diseases and household income. Aging Ment Health. 2021;25(4):657-663. [doi: 10.1080/13607863.2020.1711858] [Medline:
31928208]

20. Ye X, Wang Z, Li D. Effects of internet use on well-being in rural china: relieving loneliness accounts for the different
effects? J Glob Inf Manag. 2023;30(1):1-22. [doi: 10.4018/jgim.309083]

21. Fu Z, Hu N, Gao D. The relationship between internet use and mental health among Chinese residents during the (COVID)-19
pandemic: a cross-sectional study. Am J Health Behav. 2023;47(3):533-538. [doi: 10.5993/ajhb.47.3.10]

22. Nakagomi A, Shiba K, Kawachi I, Ide K, Nagamine Y, Kondo N, et al. Internet use and subsequent health and well-being
in older adults: An outcome-wide analysis. Computers in Human Behavior. 2022;130:107156. [doi:
10.1016/j.chb.2021.107156]

23. 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. 2021;19(1):101. [FREE
Full text] [doi: 10.3390/ijerph19010101] [Medline: 35010361]

24. Gaia A, Sala E, Cerati G. Social networking sites use and life satisfaction. A quantitative study on older people living in
Europe. Eur Soc. 2020;23(1):98-118. [doi: 10.1080/14616696.2020.1762910]

25. Wang G, Duan J, Kan Q, Zhou Y, Cheng Z, Tang S. The correlation analysis of WeChat usage and depression among the
middle-aged and elderly in China: the mediating role of social participation. BMC Public Health. 2023;23(1):462. [FREE
Full text] [doi: 10.1186/s12889-023-15349-9] [Medline: 36899336]

26. Yu Y, Li Y, Li T, Xi S, Xiao X, Xiao S, et al. New path to recovery and well-being: cross-sectional study on WeChat use
and endorsement of WeChat-based mHealth among people living with schizophrenia in China. J Med Internet Res.
2020;22(9):e18663. [FREE Full text] [doi: 10.2196/18663] [Medline: 32945774]

27. Szabo A, Allen J, Stephens C, Alpass F. Longitudinal analysis of the relationship between purposes of internet use and
well-being among older adults. Gerontologist. 2019;59(1):58-68. [doi: 10.1093/geront/gny036] [Medline: 29688332]

28. Yang HL, Zhang S, Zhang SQ, Xie L, Wu YY, Yao YD, et al. Internet use and depressive symptoms among older adults
in China. Front Psychiatry. 2021;12:739085. [FREE Full text] [doi: 10.3389/fpsyt.2021.739085] [Medline: 34950065]

29. van Boekel LC, Peek ST, Luijkx KG. Diversity in older adults' use of the internet: Identifying subgroups through latent
class analysis. J Med Internet Res. 2017;19(5):e180. [FREE Full text] [doi: 10.2196/jmir.6853] [Medline: 28539302]

30. Ji R, Chen W, Ding M. The contribution of the smartphone use to reducing depressive symptoms of Chinese older adults:
The mediating effect of social participation. Front Aging Neurosci. 2023;15:1132871. [FREE Full text] [doi:
10.3389/fnagi.2023.1132871] [Medline: 37091518]

31. Jiang Y, Yang F. Association between internet use and successful aging of older Chinese women: a cross-sectional study.
BMC Geriatr. 2022;22(1):536. [FREE Full text] [doi: 10.1186/s12877-022-03199-w] [Medline: 35764930]

J Med Internet Res 2025 | vol. 27 | e64581 | p. 10https://www.jmir.org/2025/1/e64581
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1089/dia.2018.0098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29812965&dopt=Abstract
http://dx.doi.org/10.1016/j.arr.2011.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21628005&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2405-8440(23)08736-4
http://dx.doi.org/10.1016/j.heliyon.2023.e21528
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38027692&dopt=Abstract
http://dx.doi.org/10.1080/13607863.2017.1358354
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28777010&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare10071179
http://dx.doi.org/10.3390/healthcare10071179
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35885706&dopt=Abstract
https://europepmc.org/abstract/MED/31198091
http://dx.doi.org/10.1080/10810730.2019.1630524
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31198091&dopt=Abstract
https://www.jmir.org/2023//e46298/
http://dx.doi.org/10.2196/46298
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37459155&dopt=Abstract
http://dx.doi.org/10.1093/geronb/gbu018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24671896&dopt=Abstract
https://europepmc.org/abstract/MED/36960409
http://dx.doi.org/10.3389/ijph.2023.1605664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36960409&dopt=Abstract
http://dx.doi.org/10.1080/13607863.2020.1711858
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31928208&dopt=Abstract
http://dx.doi.org/10.4018/jgim.309083
http://dx.doi.org/10.5993/ajhb.47.3.10
http://dx.doi.org/10.1016/j.chb.2021.107156
https://www.mdpi.com/resolver?pii=ijerph19010101
https://www.mdpi.com/resolver?pii=ijerph19010101
http://dx.doi.org/10.3390/ijerph19010101
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35010361&dopt=Abstract
http://dx.doi.org/10.1080/14616696.2020.1762910
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-023-15349-9
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-023-15349-9
http://dx.doi.org/10.1186/s12889-023-15349-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36899336&dopt=Abstract
https://www.jmir.org/2020/9/e18663/
http://dx.doi.org/10.2196/18663
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32945774&dopt=Abstract
http://dx.doi.org/10.1093/geront/gny036
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29688332&dopt=Abstract
https://europepmc.org/abstract/MED/34950065
http://dx.doi.org/10.3389/fpsyt.2021.739085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34950065&dopt=Abstract
https://www.jmir.org/2017/5/e180/
http://dx.doi.org/10.2196/jmir.6853
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28539302&dopt=Abstract
https://europepmc.org/abstract/MED/37091518
http://dx.doi.org/10.3389/fnagi.2023.1132871
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37091518&dopt=Abstract
https://bmcgeriatr.biomedcentral.com/articles/10.1186/s12877-022-03199-w
http://dx.doi.org/10.1186/s12877-022-03199-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35764930&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


32. Yang HL, Zhang S, Cheng SM, Li ZY, Wu YY, Zhang SQ, et al. A study on the impact of internet use on depression among
Chinese older people under the perspective of social participation. BMC Geriatr. 2022;22(1):701. [FREE Full text] [doi:
10.1186/s12877-022-03359-y] [Medline: 35999498]

33. Xie Y, Hu J. An introduction to the china family panel studies. Chin Sociol Rev. 2014;47(1):3-29. [FREE Full text] [doi:
10.2753/CSA2162-0555470101.2014.11082908]

34. 34 XY, Xiaobo Z, Ping T, Ren Q. China Family Panel Studies User's Manual (3rd edition). Institute for Social Science
Survey, Peking University. 2017. URL: http://www.isss.pku.edu.cn/cfps/docs/ [accessed 2018-01-25]

35. Radloff LS. The CES-D scale: a self-report depression scale for research in the general population. Appl Psychol Meas.
1977;1(3):385-401. [doi: 10.1177/014662167700100306]

36. Briggs R, Carey D, O'Halloran AM, Kenny RA, Kennelly SP. Validation of the 8-item centre for epidemiological studies
depression scale in a cohort of community-dwelling older people: data from the irish longitudinal study on ageing (TILDA).
Eur Geriatr Med. 2018;9(1):121-126. [doi: 10.1007/s41999-017-0016-0] [Medline: 34654281]

37. Fan X, Guo X, Ren Z, Li X, He M, Shi H, et al. The prevalence of depressive symptoms and associated factors in middle-aged
and elderly Chinese people. J Affect Disord. 2021;293:222-228. [doi: 10.1016/j.jad.2021.06.044] [Medline: 34217959]

38. Silva M, Loureiro A, Cardoso G. Social determinants of mental health: a review of the evidence. Eur J Psychiat.
2016;30(4):259-292. [FREE Full text]

39. Liu W, Li W, Mou J. Does internet usage make middle-aged and older adults feel healthier? Mediating role of social
engagement. IMDS. 2023;124(1):1-28. [doi: 10.1108/imds-04-2023-0236]

40. Wang H, Liu H, Wu B, Hai L. The association between trajectories of perceived unmet needs for home and community-based
services and life satisfaction among Chinese older adults: the moderating effect of psychological resilience. Res Aging.
2024;46(2):139-152. [doi: 10.1177/01640275231203608] [Medline: 37768843]

41. Yu X, Mu A, Wu X, Zhou L. Impact of internet use on cognitive decline in middle-aged and older adults in China: longitudinal
observational study. J Med Internet Res. 2022;24(1):e25760. [FREE Full text] [doi: 10.2196/25760] [Medline: 35072642]

42. Green P, MacLeod CJ. SIMR: an r package for power analysis of generalized linear mixed models by simulation. Methods
Ecol Evol. 2016;7(4):493-498. [doi: 10.1111/2041-210x.12504]

43. Herle M, Micali N, Abdulkadir M, Loos R, Bryant-Waugh R, Hübel C, et al. Identifying typical trajectories in longitudinal
data: modelling strategies and interpretations. Eur J Epidemiol. 2020;35(3):205-222. [FREE Full text] [doi:
10.1007/s10654-020-00615-6] [Medline: 32140937]

44. Proust-Lima C, Philipps V, Liquet B. Estimation of extended mixed models using latent classes and latent processes: the
r package lcmm. J Stat Soft. 2017;78(2):1-56. [doi: 10.18637/jss.v078.i02]

45. Laird NM, Ware JH. Random-effects models for longitudinal data. Biometrics. 1982;38(4):963-974. [doi: 10.2307/2529876]
46. Peking University. Institute Of Social Science Survey. The questions cfps users are concerned about when submitting a

paper are answered for you today![EB/OL](2024?08?22). URL: https://www.isss.pku.edu.cn/cfps/cjwt/fbxg/1379028.htm
[accessed 2024-08-22]

47. Bogdan-Martin D. Measuring digital development: facts and figures 2019. ITU. 2019. URL: https://www.itu.int/en/ITU-D/
Statistics/Documents/facts/FactsFigures2019.pdf [accessed 2025-04-25]

48. Yao Y, Zhang H, Liu X, Liu X, Chu T, Zeng Y. Bridging the digital divide between old and young people in China:
challenges and opportunities. Lancet Healthy Longev. 2021;2(3):e125-e126. [doi: 10.1016/s2666-7568(21)00032-5]

49. Seniors go digital. Digital for Life. 2024. URL: http://www.digitalforlife.gov.sg/About/Our-Projects/Seniors-Go-Digital
[accessed 2025-04-25]

50. Frishammar J, Essén A, Bergström F, Ekman T. Digital health platforms for the elderly? Key adoption and usage barriers
and ways to address them. Technol Forecast Soc Change. 2023;189:122319. [doi: 10.1016/j.techfore.2023.122319]

51. Köttl H, Gallistl V, Rohner R, Ayalon L. "But at the age of 85? Forget it!": Internalized ageism, a barrier to technology
use. J Aging Stud. 2021;59:100971. [FREE Full text] [doi: 10.1016/j.jaging.2021.100971] [Medline: 34794716]

52. Hodge H, Carson D, Carson D, Newman L, Garrett J. Using internet technologies in rural communities to access services:
the views of older people and service providers. J Rural Stud. 2017;54:469-478. [doi: 10.1016/j.jrurstud.2016.06.016]

53. van Deursen A, van Dijk J. Internet skills and the digital divide. New Media Soc. 2010;13(6):893-911. [doi:
10.1177/1461444810386774]

54. Wallinheimo AS, Evans SL. More frequent internet use during the COVID-19 pandemic associates with enhanced quality
of life and lower depression scores in middle-aged and older adults. Healthcare (Basel). 2021;9(4):393. [FREE Full text]
[doi: 10.3390/healthcare9040393] [Medline: 33916054]

55. Dunlop BW, Nemeroff CB. The role of dopamine in the pathophysiology of depression. Arch Gen Psychiatry.
2007;64(3):327-337. [doi: 10.1001/archpsyc.64.3.327] [Medline: 17339521]

56. Liu M, Luo J. Relationship between peripheral blood dopamine level and internet addiction disorder in adolescents: a pilot
study. Int J Clin Exp Med. 2015;8(6):9943-9948. [FREE Full text] [Medline: 26309680]

57. Sun X, Yan W, Zhou H, Wang Z, Zhang X, Huang S, et al. Internet use and need for digital health technology among the
elderly: a cross-sectional survey in China. BMC Public Health. 2020;20(1):1386. [FREE Full text] [doi:
10.1186/s12889-020-09448-0] [Medline: 32917171]

J Med Internet Res 2025 | vol. 27 | e64581 | p. 11https://www.jmir.org/2025/1/e64581
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://bmcgeriatr.biomedcentral.com/articles/10.1186/s12877-022-03359-y
http://dx.doi.org/10.1186/s12877-022-03359-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35999498&dopt=Abstract
https://www.tandfonline.com/doi/abs/10.2753/CSA2162-0555470101.2014.11082908
http://dx.doi.org/10.2753/CSA2162-0555470101.2014.11082908
http://www.isss.pku.edu.cn/cfps/docs/
http://dx.doi.org/10.1177/014662167700100306
http://dx.doi.org/10.1007/s41999-017-0016-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34654281&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2021.06.044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34217959&dopt=Abstract
http://scielo.isciii.es/scielo.php?script=sci_arttext&pid=S0213-61632016000400004
http://dx.doi.org/10.1108/imds-04-2023-0236
http://dx.doi.org/10.1177/01640275231203608
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37768843&dopt=Abstract
https://www.jmir.org/2022/1/e25760/
http://dx.doi.org/10.2196/25760
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35072642&dopt=Abstract
http://dx.doi.org/10.1111/2041-210x.12504
https://europepmc.org/abstract/MED/32140937
http://dx.doi.org/10.1007/s10654-020-00615-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32140937&dopt=Abstract
http://dx.doi.org/10.18637/jss.v078.i02
http://dx.doi.org/10.2307/2529876
https://www.isss.pku.edu.cn/cfps/cjwt/fbxg/1379028.htm
https://www.itu.int/en/ITU-D/Statistics/Documents/facts/FactsFigures2019.pdf
https://www.itu.int/en/ITU-D/Statistics/Documents/facts/FactsFigures2019.pdf
http://dx.doi.org/10.1016/s2666-7568(21)00032-5
http://www.digitalforlife.gov.sg/About/Our-Projects/Seniors-Go-Digital
http://dx.doi.org/10.1016/j.techfore.2023.122319
https://europepmc.org/abstract/MED/34794716
http://dx.doi.org/10.1016/j.jaging.2021.100971
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34794716&dopt=Abstract
http://dx.doi.org/10.1016/j.jrurstud.2016.06.016
http://dx.doi.org/10.1177/1461444810386774
https://www.mdpi.com/resolver?pii=healthcare9040393
http://dx.doi.org/10.3390/healthcare9040393
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33916054&dopt=Abstract
http://dx.doi.org/10.1001/archpsyc.64.3.327
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17339521&dopt=Abstract
https://europepmc.org/abstract/MED/26309680
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26309680&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-020-09448-0
http://dx.doi.org/10.1186/s12889-020-09448-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32917171&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


58. De Santis KK, Mergenthal L, Christianson L, Busskamp A, Vonstein C, Zeeb H. Digital technologies for health promotion
and disease prevention in older people: scoping review. J Med Internet Res. 2023;25:e43542. [FREE Full text] [doi:
10.2196/43542] [Medline: 36951896]

59. Wu M, Li C, Zhao X, Hu T, Zeng L, Yu Y, et al. The effect of internet use on depressive symptoms in middle-aged and
older adults with functional disability: the mediating role of social isolation. Front Public Health. 2023;11:1202541. [FREE
Full text] [doi: 10.3389/fpubh.2023.1202541] [Medline: 37492141]

60. Xu Y, Zeng K, Dong L, Zheng X, Si Y. Understanding older adults' smartphone addiction in the digital age: empirical
evidence from China. Front Public Health. Jul 7, 2023;11:1136494. [FREE Full text] [doi: 10.3389/fpubh.2023.1136494]
[Medline: 37483945]

61. Block JJ. Issues for DSM-V: internet addiction. Am J Psychiatry. 2008;165(3):306-307. [doi:
10.1176/appi.ajp.2007.07101556] [Medline: 18316427]

62. Weinstein A, Lejoyeux M. Internet addiction or excessive internet use. Am J Drug Alcohol Abuse. 2010;36(5):277-283.
[doi: 10.3109/00952990.2010.491880] [Medline: 20545603]

63. Guo H, Feng S, Liu Z. The temperature of internet: Internet use and depression of the elderly in China. Front Public Health.
2022;10:1076007. [FREE Full text] [doi: 10.3389/fpubh.2022.1076007] [Medline: 36620285]

64. Du X, Liao J, Ye Q, Wu H. Multidimensional internet use, social participation, and depression among middle-aged and
elderly Chinese individuals: nationwide cross-sectional study. J Med Internet Res. 2023;25:e44514. [FREE Full text] [doi:
10.2196/44514] [Medline: 37647119]

65. Holmes WR, Joseph J. Social participation and healthy ageing: a neglected, significant protective factor for chronic non
communicable conditions. Global Health. 2011;7(1):43. [FREE Full text] [doi: 10.1186/1744-8603-7-43] [Medline:
22035190]

Abbreviations
AIC: Akaike’s information criteria
BIC: Bayesian information criteria
CES-D 8: Center for Epidemiologic Studies Depression Scale Short Form
CFPS: The China Family Panel Studies
LCMM: Latent class mixed model

Edited by T de Azevedo Cardoso; submitted 21.07.24; peer-reviewed by M Wang, W He; comments to author 18.10.24; revised version
received 07.11.24; accepted 13.01.25; published 26.05.25

Please cite as:
Li M, Zhou Z, Wang J, Wang D, Mitchell R, Wang W
Eleven-Year Trajectories of Internet Usage Time and Depression Scores Among Middle-Aged and Older Adults in China: Latent
Class Mixed Model Analysis
J Med Internet Res 2025;27:e64581
URL: https://www.jmir.org/2025/1/e64581
doi: 10.2196/64581
PMID:

©Mengyao Li, Zhongliang Zhou, Jing Wang, Dan Wang, Rebecca Mitchell, Wenhua Wang. Originally published in the Journal
of Medical Internet Research (https://www.jmir.org), 26.05.2025. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original publication on
https://www.jmir.org/, as well as this copyright and license information must be included.

J Med Internet Res 2025 | vol. 27 | e64581 | p. 12https://www.jmir.org/2025/1/e64581
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.jmir.org/2023//e43542/
http://dx.doi.org/10.2196/43542
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36951896&dopt=Abstract
https://europepmc.org/abstract/MED/37492141
https://europepmc.org/abstract/MED/37492141
http://dx.doi.org/10.3389/fpubh.2023.1202541
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37492141&dopt=Abstract
https://europepmc.org/abstract/MED/37483945
http://dx.doi.org/10.3389/fpubh.2023.1136494
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37483945&dopt=Abstract
http://dx.doi.org/10.1176/appi.ajp.2007.07101556
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18316427&dopt=Abstract
http://dx.doi.org/10.3109/00952990.2010.491880
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20545603&dopt=Abstract
https://europepmc.org/abstract/MED/36620285
http://dx.doi.org/10.3389/fpubh.2022.1076007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36620285&dopt=Abstract
https://www.jmir.org/2023//e44514/
http://dx.doi.org/10.2196/44514
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37647119&dopt=Abstract
https://globalizationandhealth.biomedcentral.com/articles/10.1186/1744-8603-7-43
http://dx.doi.org/10.1186/1744-8603-7-43
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22035190&dopt=Abstract
https://www.jmir.org/2025/1/e64581
http://dx.doi.org/10.2196/64581
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

