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Abstract

Objectives: Mental health inequalities have increasingly become an important factor affecting social well-being. Existing
researches have focused on the impact of digital inequalities on mental health, but there is lack of research exploring
the impact of digital engagement on mental health inequalities.

Methods: Based on data from the China Family Panel Studies (CFPS) wave 2020, this study analyzed the effects of digital
engagement on adult mental health and mental health inequalities using multinomial OLS models and RIF models.
Further, the mitigating effects of digital engagement on gender mental health inequalities and urban-rural mental health
inequalities were calculated using RIF decomposition.

Results: Digital engagement positively predicts the mental health level of Chinese adults, and at the same time mitigates
mental health inequalities among Chinese adults, including inequalities between genders and between urban and rural
areas, and the mitigating effect on mental health inequalities is stronger between urban and rural areas. In addition,
the mitigating effect of digital engagement on gender mental health inequalities diminished with increasing mental health
levels; however, the mitigating effect of digital engagement on urban-rural mental health inequalities was stronger at low
and high mental health levels.

Conclusions: Both gender mental health inequality and urban-rural mental health inequality are evident among Chinese
adults. Digital engagement can alleviate overall mental health inequalities, including gender mental health inequalities
and urban-rural mental health inequalities, while enhancing mental health. This provides new insights into how best to
mitigate mental health inequalities in the digital era.
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area (urban or rural),”” especially in low- and
middle-income countries.'” In China, the lifetime preva-
lence of adult mental disorders is as high as 16.57%, and
the prevalence of any of the depressive disorders is higher
in women than in men, with a lifetime prevalence 1.44
times higher; the 12-month prevalence of any of the adult
mental disorders (other than dementia) is 13.4% in rural
areas, which is much higher than that of the urban popula-
tion, which is 5.5%."" Indeed, the COVID-19 global pan-
demic had a severe impact on people’s mental health,'?
but its effects were not evenly distributed across geographic
locations and population groups, and even exacerbated
existing mental health inequalities.'*'* Given the serious
social and public health consequences, mitigating mental
health disparities across populations remains a pressing
public health issue.

Existing research reveals multiple predictors of mental
health inequalities. First, under structured gender inequal-
ity, women were more likely to report experiencing depres-
sion, anxiety, and PTSD, among others,IS*17 are almost
twice as likely as men.'” This is related to their work in
health care,'® exposure to the motherhood penalty in the
labor market,'® and a greater burden of family caregivers,”
which contribute to women’s to have higher levels of stress
exposure than the male population. Several recent studies
have confirmed that COVID-19 uniquely exacerbates
the stressors and mental health risks experienced by
women.”?! In addition, a number of cross-sectional
studies have suggested that China’s unique urban—rural
household registration system is an important environmen-
tal variable influencing mental health inequalities,
particularly among older Chinese and rural female popula-
tions**>* Urban Hukou holders generally enjoy higher
levels of medical security, with broader coverage and
higher reimbursement rates from medical insurance, result-
ing in a higher utilization rate of medical services.” It is
evident that the uneven distribution of medical resources
between urban and rural areas exacerbates healthcare
inequality among urban and rural residents.”® It is clear
that the unequal and inadequate allocation of urban health
resources under the household registration system is the
main reason for the gap between the supply and demand
of urban and rural mental health services. On one hand,
the majority of hospitals and specialized medical personnel
are concentrated in provincial capitals and economically
prosperous eastern regions. On the other hand, primary
healthcare facilities exhibit a deficiency in mental health
service capabilities, with the majority of staff being part-
time employees.”’A study reveals that in 2018, the
number of physicians per 10,000 people in rural China
was 18, which is only 45% of that in urban areas.
Collectively, these factors have resulted in an exceedingly
low treatment rate for mental disorders in rural areas, with
the vast majority of affected individuals not receiving
adequate care.

With the advancement of the digital wave, the impact of
digital engagement on the mental health aspects of adults
has been gradually noticed. Drawing from social support
theory, some studies have suggested that extensive digital
engagement can provide users with emotional and informa-
tional peer support*>*® and positively affect subjective
well-being and life satisfaction.>'*? In addition, Internet
use is not tied to the household registration system and
has a high degree of generalizability relative to health and
education resources, which vary widely between urban
and rural areas. Taking the Chinese scenario as an
example, as of December 2023, the internet penetration
rate in urban areas of China is 83.3%, while in rural areas
it stands at 66.5%, lagging behind urban areas by merely
16.8 percentage points. The gender ratio among internet
users is 51.2:48.8, which is essentially in line with the
overall population’s gender ratio, indicating a gender
balance in internet usage.>’In rural areas with limited
mental health resources, digital engagement has been
recognized as having great potential to close the gap
between mental health supply and demand.**?> In fact,
during the pandemic, mobile apps reduced stigmatizing atti-
tudes and social distance associated with mental disorders
by providing remote assessment, support, and interven-
tion36-38:

There is no consensus on the mental health effects of
digital engagement, but three main hypotheses exist. The
first is known as the resource substitution theory.*® It sug-
gests that the positive effects of digital engagement on
mental health are stronger in disadvantaged groups. When
resources are substitutable for each other, having one
resource makes up for the damage that may be caused by
the absence of other resources. Therefore, the mental
health effects of digital engagement are greater in disadvan-
taged groups than they are in advantaged groups. This
means that having a particular resource (e.g. digital engage-
ment) benefits individuals with fewer alternative resources
(e.g. women living in rural areas) more. For example, use
of electronic devices, support for family members’ use of
the Internet, and their use of it for communication, enter-
tainment, or as a tool are associated with fewer depressive
symptoms, a finding that is even more pronounced among
rural older adults.* In contrast, the resource multiplication
theory™ suggests that the same resources available to an
advantaged group can lead to a higher return on health.
For example, family strengths increase educational gains
in self-rated health for men.*' This is because dominant
groups hold multiple resources that interact to create a
stacking effect, amplifying the effect of one resource to per-
petuate and expand their dominance. The third is the social
dis-placement hypothesis, which states that digital engage-
ment squeezes out users’ more valuable interaction time
with family and friends, thus negatively impacting mental
health.** For example, high Internet use intensity leads to
deterioration in social behaviors and increases the
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likelihood of emotional problems, thus amplifying the
negative impact of broadband Internet access on mental
health.*

Much of the existing research has explored the relation-
ship between digital engagement and mental health.
However, the association between digital engagement and
mental health inequalities, and whether it increases or
decreases mental health inequalities, including its impact
on gender health inequalities and urban—rural health
inequalities, remains under-recognized. With this in mind,
this study focuses on whether digital engagement predicts
mental health levels and mental health inequalities, as
well as identifying whether digital engagement has a buffer-
ing or amplifying effect on mental health inequalities driven
by gender and urban-rural factors.

Materials and methods

Data and participants

Based on cross-sectional data from the China Family Panel
Studies (CFPS) 2020 wave, this study adopts a quantitative
analysis method, aiming to explore the impact of digital
engagement on mental health inequalities among adults. It
focuses on how digital engagement affects mental health
inequalities between rural and urban areas and genders,
and analyzes the role of digital engagement in mitigating
or exacerbating mental health inequalities. CFPS 2020
wave data collection began in early July 2020 and ended
in late December 2020. Covering 25 provinces/municipal-
ities/autonomous regions (a first-level administrative
region under the national level, similar to the states in the
United States) in mainland China, the target sample size
is 16,000 households, and the survey respondents include
all family members in the sample households, which is rep-
resentative of the whole country, and thus can effectively
reflect the mental health status of groups from different
regions and backgrounds.

Since the measurements of digital engagement in this
study were only measured in the CFPS 2020 wave dataset,
this study chose to use the CFPS 2020 wave cross-sectional
data for analysis (individual sample level). This study
included a sample of all adults aged 20 and over (21,890)
from the CFPS 2020 wave dataset. Based on this, invalid
data samples were excluded from the core measures of
numerical reference and mental health, resulting in the reten-
tion of 21,353 samples. Special note that invalid samples in
this context refer to the following: respondent could not
judge the question item; raw data were missing; the question
item was not applicable; refused to answer; respondent’s
response to the question item was don’t know; and the situ-
ation of being interviewed did not apply to the respondent.
The final sample of adults included in the analysis consisted
of 10,713 (50.17%) males and 10,640 (49.83%) females;
10,448 (48.93%) rural and 10,905 (51.07%) urban.

Measures

Mental health. Among the available studies, studies by
Yang et al.** and Yang et al.** used depressive symptoms
measured by the Center for Epidemiologic Studies
Depression Scale (CES-D) to measure mental health;
studies by Zhang et al.,46 Zu et al.,47 and Cao et al.*® mea-
sured mental health in terms of both depressive symptoms
and subjective well-being. Based on this, this study mea-
sured mental health in terms of both depressive symptoms
and subjective well-being. Depressive symptoms were mea-
sured using a simplified Chinese CES-D8 scale, which mea-
sured how often a certain feeling or behavior occurred in the
past week for the respondents, with the following specific
items: (1) I feel depressed, (2) I find it hard to do anything,
(3) I don’t sleep well, (4) I feel happy, (5) I feel lonely, (6) I
am happy with my life, (7) I feel sad and upset, (8) I feel
unable to go on with my life. The options were coded
sequentially from 1 to 4 based on frequency of use, with
a Cronbach’s alpha of 0.784. Subjective well-being was
measured using a single question item that directly asked
the respondent, “How happy do you think you are,” with
a numerical value ranging from O to 10. Finally, using prin-
cipal component analysis (PCA), a mental well-being score
was calculated for the sample (KMO =0.822; Bartlett
sphericity test, p<0.001; Cumulative=52.67%), with
higher scores indicating higher levels of mental health. It
is important to note that the “mental health” indicator
extracted by PCA is a synthetic indicator, a linear combin-
ation of depressive symptoms and subjective well-being,
and it is more important to focus on the relative differences
between groups. Negative values are simply a reflection of
the scale and direction of the PCA component. It is a con-
tinuum from “mental unhealth” to “mental health” and a
negative mean may simply mean that the average mental
health of the sample is lower than the average of the
overall sample.

Digital engagement. Referring to the research and coding
method of Wang et al.,* the study was conducted in
terms of “accessing the Internet on computers”, “accessing
the Internet on mobile devices”, “using WeChat “, “posting
on social media”, “playing online games”, ‘“‘shopping
online”, “watching short videos”, and “online shopping”
eight aspects of the use of digital use behavior to measure
the digital engagement of the sample, never use coded as
0, other use coded as 1, and then aggregated and summed
to get a score in the range of O to 8, the larger the value indi-

cates a higher degree of digital engagement.

Control variables

For this research, control variables were selected in terms
of socio-demographic characteristics, economic situation,
health  situation, and residential characteristics.
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Socio-demographic characteristics include age (continu-
ous variable), gender (male, female), marriage (married,
others) and years of education (continuous variable).
Economic status included insurance (none, at least one)
and annual personal income (continuous variable, units
are 100,000 RMB). Health includes self-reported BMI
and self-rated health status. Residence characteristics
included Residence (Rural, Urban) and Residence area
(northeast China, western China, central China, and
eastern China).

Statistical analysis

In this research, descriptive statistics were first analyzed for the
whole sample, male and female subsamples, and urban and
rural subsamples using Statal7 (Table 1). Then, the effect of
digital engagement on mental health was tested with the help
of multinomial OLS model (Table 2), along with male and
female subsamples, urban and rural subsamples.

After empirically verifying the relationship between
digital engagement on mental health, the RIF (recentered
influence function) model is used to analyze the effect of
digital engagement on mental health inequality. It is import-
ant to note that the RIF method is used to measure the effect
of a small change in one place in the sample on a statistic.
The RIF regression and RIF decomposition methods are
mainly used in labor economics and economic policy evalu-
ation research, and are used to explore the components of
distributional inequality and intergenerational differences.
For the principle and implementation method of RIF
model, you can refer to the papers of Firpo et al.’® and
Rios-Avila.”" In this research, the effect of digital engage-
ment on mental health inequalities was examined using
RIF regression models (inequalities are measured using
the 90—10th percentile of the mental health index), as well
as the effect of digital engagement on mental health
inequalities between men and women and between urban
and rural areas (Table 3). Then, RIF quantile regression
was used to analyze the effect of digital engagement on
mental health inequalities at different quartiles (Figures 1
and 2), including the overall sample, the urban—rural sub-
sample and the gender subsample. Finally, the RIF decom-
position method was used to calculate the effect of digital
engagement on mental health inequalities between men
and women (Table 4) and between urban and rural areas
(Table 5), as well as the strength of the effect at different
quartiles (Figure 3).

RIF model is set up in detail as follows, and the calcula-
tions are completed in Statal7 software using the rifhdreg
and oaxaca_rif commands provided by Fernando.”!
Referring to Mao et al.,>” the principle of the RIF regression
method is to utilize the RIF of a distribution statistic for
regression, expressed as:

RIFY; v =vFy + IFY; v (1)

In Equation (1), v is the various statistics of the distribution
F(y), and IF(Y;v) is the compound regression center of
influence function corresponding to a specific statistic Y.
The RIF regression is the unconditional quantile regression
when the distribution statistic is quantile. The RIF regres-
sion is an unconditional quantile regression when the distri-
bution statistics are quantiles. In this case, the RIF
regression equation for the Y variable located in the Q,
quantile can be written as:
7 —{¥Y<0,}

RIFY; v = 0; + 70, 2)
In Equation (2), fy is the marginal density function of Y, and
O, is the unconditional distribution of 7 quartiles and RIF(Y;
v) is expressed linearly as a function of the other explana-
tory variables. In this study, the unconditional quantile
regression equation was constructed as follows when
testing the effect of digital engagement on mental health
levels at different quantile points in a subgrouped sample
(by gender or by urban/rural):

RIF Mental_health; O, = X;; + ¢ 3)

In Equation (3), Q, is the quartile of mental health level
and X; is the variables of digital engagement, socio-
demographic characteristics, economic situation, health
situation, and residential characteristics. Subsequently, the
RIF decomposition was continued to analyze the effects
of these variables on subgroup mental health inequalities
by constructing a counterfactual function of mental health
level. At this point, the subgroup mental health inequalities
can be decomposed into two components, namely:

0O, Mental_health,,,,; — O, Mental_health,qy,»
= [Q,Mental_health,,,,; — Q,Mental_health,]
+ [Q,Mental_health, — Q,Mental_health,,w>] (4)

In Equation (4), Mental_health,,,,; and Mental_health,.,,»
denote the mental health levels of Group 1 and Group 2,
respectively, and Mental_health,. is a function of the coun-
terfactual mental health level, that is the distribution of the
counterfactual mental health situation is constructed using
the Group 1 characteristic variables with the Group 2
mental health level structure. Equation (3) is substituted
into equation (4) to obtain equation (5):

0,Mental_health,,,,; — Q,Mental_health,qy,

= [Xrowl - XrOWZﬂrowl + 8crowl] + [ﬂrowl
- ﬂr()wZXI'OWZ + gcr0w2] (5)

In Equation (5), X;ow1 and X;,w2 denote the elemental char-
acteristic variables of sample Group 1 and sample Group 2,
respectively, B.ow1 and P denote the elemental charac-
teristic benefit rates of sample Group 1 and sample Group
2, respectively, and €.;ow; and €.ow> are the approximation




Wang and Li 5

Table 1. Descriptive statistics of all variables (N=21,353).

Mental health Mean (SD) 0.00 (0.38) —0.03 (0.39) 0.03 (0.37) —0.04 (0.40) 0.03 (0.36)
Digital engagement Mean (SD)  2.79 (2.36) 2.71 (2.35) 2.87 (2.37) 2.31 (2.28) 3.25 (2.34)
Gender

Female n (%) 10,640 10,640 (100.00%) 5089 (48.71%) 5551 (50.90%)

(49.83%)
Male n (%) 10,713 10,713 5359 (51.29%) 5354 (49.10%)
(50.17%) (100.00%)
Age Mean (SD) 46.60 (15.69) 46.31 (15.67) 46.90 (15.70) 47.15 (15.62) 46.08 (15.74)
Marriage status
Married n (%) 18,751 9627 (90.48%) 9124 (85.17%) 9218 (88.23%) 9533 (87.42%)
(87.81%)

Others n (%) 2602 (12.19%) 1013 (9.52%) 1589 (14.83%) 1230 (11.77%) 1372 (12.58%)
Years of education Mean (SD)  5.11 (6.15) 5.14 (6.18) 5.09 (6.12) 4.23 (5.50) 5.96 (6.61)
Residence

Rural n (%) 10,448 5089 (47.83%) 5359 (50.02%) 10,448

(48.93%) (100.00%)
Urban n (%) 10,905 5551 (52.17%) 5354 (49.98%) 10,905
(51.07%) (100.00%)
Insurance
None n (%) 2003 (9.38%) 1051 (9.88%) 952 (8.89%) 935 (8.95%) 1068 (9.79%)
At least one n (%) 19,350 9589 (90.12%) 9761 (91.11%) 9513 (91.05%) 9837 (90.21%)
(90.62%)
Annual personal income Mean (SD)  0.22 (0.39) 0.14 (0.29) 0.29 (0.45) 0.15 (0.30) 0.28 (0.45)

(100,000 RMB)

Self-assessed health Mean (SD)  3.07 (1.19) 2.96 (1.20) 3.17 (1.18) 3.06 (1.25) 3.07 (1.13)
status

BMI Mean (SD) 23.27 (3.46) 22.90 (3.48) 23.64 (3.40) 23.11 (3.49) 23.42 (3.43)

Residence area

Northeast China n (%) 2780 (13.02%) 1469 (13.81%) 1311 (12.24%) 1198 (11.47%) 1582 (14.51%)

Western China n (%) 6306 (29.53%) 3062 (28.78%) 3244 (30.28%) 3817 (36.53%) 2489 (22.82%)

Central China n (%) 5133 (24.04%) 2607 (24.50%) 2526 (23.58%) 2602 (24.90%) 2531 (23.21%)

Eastern China n (%) 7134 (33.41%) 3502 (32.91%) 3632 (33.90%) 2831 (27.10%) 4303 (39.46%)
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Table 2. Regression results of digital engagement affect mental health.

Digital engagement

Gender (ref: female)

Age

Marriage status (ref: married)

Years of education

Residence (ref: rural)

Insurance (ref: none)

Annual personal income

Self-assessed health status

BMI

Residence area (ref: western China)

Northeast China

Central China

Eastern China

0.011%**
(0.001)
0.037%**
(0.005)
0.004%**
(0.000)
—0.028**
(0.009)
0.004%**
(0.001)
0.047***
(0.006)
0.066***
(0.009)
0.006
(0.007)
0.099%**
(0.002)
0.004***

(0.001)

0.046***
(0.010)
0.044%**
(0.008)

0.072***

0.012***

(0.002)

0.003***
(0.000)
0.026*
(0.013)
0.005***
(0.001)
0.049%**
(0.008)
0.065***
(0.013)
—0.001
(0.012)
0.104%**
(0.003)
0.005%***

(0.001)

0.044%**
(0.012)
0.033**
(0.010)

0.063***

0.009***

(0.002)

0.004%**
(0.000)
—0.055%**
(0.012)
0.003***
(0.001)
0.045%**
(0.007)
0.066***
(0.013)
0.013
(0.009)
0.094%**
(0.003)
0.005%**

(0.001)

0.046***
(0.013)

0.053***
(0.010)

0.079***

0.014%**
(0.002)
0.043***
(0.007)
0.003***
(0.000)
—0.033*
(0.013)
0.005%**

(0.001)

0.087***
(0.01%)
—0.010
(0.017)
0.102***
(0.003)
0.003*

(0.001)

0.053%**
(0.015)
0.058***
(0.011)

0.075***

0.008%***
(0.002)
0.031%**
(0.006)
0.005***
(0.000)
—0.026*
(0.012)
0.005***

(0.001)

0.045%**
(0.012)
0.019**
(0.007)
0.096***
(0.003)
0.005%***

(0.001)

0.037**
(0.013)
0.029**
(0.011)

0.066***

(continued)
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Table 2. Continued.

(0.007) (0.010) (0.009) (0.011) (0.010)
Constant —0.770*** —0.787*** —0.742*** —0.738*** —0.754***
(0.028) (0.039) (0.0%0) (0.042) (0.039)
Observations 21,353 10,640 10,713 10,448 10,905
R-Squared 0.122 0.125 0.113 0.126 0.107
F 184.8*** 107.0%** 99.41*** 102.6*** 93.47***

Note: Cluster-robust standard errors in parentheses.
**% < 0.001.

**p<0.01.

*p<0.05.

error terms. The first term on the right-hand side of the
equation represents the gap in mental health levels due to
differences in grouping characteristics, that is the character-
istic effect component; the second term measures the gap in
mental health levels due to differences in benefit rates when
grouping characteristics are the same, that is the parameter
effect.’® In the present study, which also corresponds to
digital engagement, the first term on the right side of the
middle sign in Equation (5) indicates the mental health
inequalities due to differences in digital engagement
across gender or across urban and rural residence (what is
reported in Table 5, interpretable part); and the second
term indicates how differences in the rates of mental
health benefits from digital engagement affect gender
mental health inequalities or urban and rural mental
health inequalities (non-interpretable part).

Results

Descriptive statistics of all variables

Table 1 reports descriptive statistics for the overall sample,
the male and female subsamples, and the rural and urban
subsamples. The overall sample consisted of 21,353 indivi-
duals, of which the female sample (10,640) was roughly
equal to the male sample (10,713), and the rural sample
(10,448) was roughly equal to the urban sample (10,905).
In terms of Mental health, the male sample had a higher
mental health score (0.03) than the female sample (—0.03,
principal component scores are essentially standardized
values, with negative values indicating only that they are
below the overall average), and the urban sample had a
higher mental health score (0.03) than the rural sample

(—0.04, principal component scores are essentially standar-
dized values, with negative values indicating only that they
are below the overall average), and the #-test confirmed the
existence of significant gender mental health inequality (r=
-12.310, p <0.000) and urban—rural mental health inequal-
ity (t=-13.693, p<0.000). The mean value of digital
engagement was 2.79, with a higher level of digital engage-
ment in the male sample (2.87) than in the female sample
(2.71), and a higher level of digital engagement in the
urban sample (3.25) than in the rural sample (2.31),
showing the same characteristics as mental health. In
terms of control variables, the number of male and female
samples and urban and rural samples are roughly equal,
the average age is 46.60, the number of years of education
is 5.11, and 90.62% have at least one type of insurance
coverage, but the married sample (87.81%) is much
higher than the unmarried sample (12.19%), and the
eastern (33.41%) and western (29.53%) samples are much
higher than the rest of the regions, and the other character-
istics detail the See Table 1.

Global and subsample regression analysis results

After excluding the effects of multicollinearity and control-
ling for other covariates, a multinomial OLS model was
constructed to test the effect of digital engagement on
mental health, and the specific results are shown in
Table 2. The regression results of the M1 model showed
that digital engagement significantly enhanced the mental
health of adults (0.011, p<0.001). In addition, the regres-
sion results by gender subsample showed that digital
engagement significantly enhanced the mental health level
of the female subsample (0.012, p<0.001) and the male
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Table 3. RIF regression results for digital engagement on mental health inequalities.

Digital engagement —0.018***
(0.004)
Gender (ref: female) —0.016
(0.013)
Age —0.000
(0.001)
Marriage status (ref: married) 0.080***
(0.021)
Years of education —0.008***
(0.002)
Residence (ref: rural) —0.043***
(0.013)
Insurance (ref: none) —0.100***
(0.023)
Annual personal income —0.033*
(0.016)
Self-assessed health status —0.107***
(0.006)
BMI —0.000
(0.002)

Residence area (ref: western China)

Northeast China —0.020
(0.022)

Central China —0.056**
(0.017)

Eastern China —0.072***
(0.016)

—0.015%** —0.018***
(0.00%) (0.00)
—0.002
(0.013)
—0.000 —0.001
(0.001) (0.001)
0.090%** 0.072%**
(0.021) (0.021)
—0.007*** —0.008***
(0.002) (0.002)
—0.048***
(0.013)
—0.104*** —0.081%**
(0.023) (0.023)
—0.040** —0.054***
(0.015) (0.016)
—0.101%** —0.101***
(0.006) (0.006)
—0.001 —0.001
(0.002) (0.002)
—0.017 —0.020
(0.021) (0.021)
—0.059%** —0.056**
(0.017) (0.017)
—0.068*** —0.069%**
(0.016) (0.016)

(continued)
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Table 3. Continued.
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N ,yyu“\. /” -
)| |

Constant 1.537*** 1.495*** 1.512%**
(0.072) (0.070) (0.071)
Observations 21,353 21,353 21,353
R-squared 0.036 0.034 0.033
F 146.80*** 48.10%** 47.52%**
Note: Robust standard errors in parentheses.
*%%1<0.001.
**p<0.01.
*p<0.05.
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Figure 1. Effect of digital engagement on mental health at different quartiles by gender. Note: Confidence interval information for the
regression coefficients is not shown due to limitations in visualization; the regression coefficients in this figure are all statistically
significant at the 0.05 level of significance (p<0.05), except at the 60th quantile, 65th quantile, 70th quantile, 75th quantile, 85th quantile,

90th quantile, for the male sample only.

subsample (0.009, p <0.001), and the positive impact effect
was stronger for the female sample. Regression results by
rural and urban subsamples showed that digital engagement
significantly enhanced mental health levels in the rural sub-
sample (0.014, p<0.001) and the urban subsample (0.008,
p<0.001), but the positive impact effect was stronger for
the rural sample.

In addition, given that the sampling design of the CFPS
includes a household clustering feature, that is members
within a household may be correlated, this study uses
cluster-robust standard errors at the household level to
correct for potential correlation problems. This method

can effectively address the problem of statistical inference
bias due to within-group correlation by allowing the error
terms of individuals within the same household to be corre-
lated while maintaining independence across households.”

Impact of digital engagement on mental health
inequalities

This part of the analysis examined the effect of digital
engagement on mental health inequalities using RIF regres-
sion models and the results are presented in Table 3. The
RIF regression for the M6 model showed that digital
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Figure 2. Effect of digital engagement on mental health at different quartiles by urban-rural. Note: Confidence interval information for the
regression coefficients is not shown due to limitations in visualization; the regression coefficients in this figure are all statistically
significant at the 0.05 level of significance (p<0.05), except at the 20th quantile, 70th quantile, 75th quantile, 80th quantile, 90th quantile,

for the urban sample only.

engagement mitigated mental health inequalities for the
overall sample (—0.018, p<0.001). It is shown here that a
l-unit increase in average digital engagement (in this
case, the level of digital engagement) for all adults in the
sample will shrink the difference between the 90th and
10th percentile of mental health by 0.018. Similarly, M7
and M8 models showed that digital engagement mitigated
mental health inequalities between the male-female
sample (—0.015, p<0.001) and between the urban—rural
sample (—0.018, p<0.001), respectively. But it is clear
that digital engagement has a stronger mitigating effect on
mental health inequalities between urban and rural than
between male and female.

In order to visualize the effect of digital engagement on
mental health of both male and female samples in more
detail, this research used RIF regression to measure the
effect of digital engagement on mental health at different
quartiles and plotted it as Figure 1. Figure 1 shows that
the positive effect of digital engagement on mental health
is larger for female samples than for male samples at all
quartiles, and shows a fluctuating and expanding trend.
There is an inflection point from the 40th quartile, in
which the effect of digital engagement is consistently stron-
ger in the female sample than in the male sample, especially
in the range of 55th quartile to 80th quartile. This suggests
that for samples with moderate and high mental health
levels, the enhancing effect of digital engagement on
female mental health levels is much stronger than that of
males. At the same time, the effect of digital engagement
on male samples with low mental health levels is stronger.
However, it was strong for female samples of all mental

health levels, especially for female samples of medium
and low mental health levels. This shows that the mitigating
effect of digital engagement on mental health inequalities
between men and women is mainly realized in the 45-80
quantile range.

Similarly, in order to visualize the effect of digital
engagement on mental health between the rural and urban
samples in more detail, this research continued to use RIF
regression to measure the effect of digital engagement on
mental health at different quartiles and plotted it as
Figure 2. Figure 2 shows that the positive effect of digital
engagement on mental health at each quartile is greater
for the rural sample than the urban sample, and the
overall trend is fluctuating and decreasing. Using the 50th
quartile as the cutoff, the gap between the 10th and 50th
quartiles decreases, but the gap between the 50th and
90th quartiles increases again. This suggests that the posi-
tive effect of digital engagement on mental health in the
male sample is stronger in the low mental health sample,
which shows a similar trend in the urban sample. It can
be seen that the mitigating effect of digital engagement
on urban—rural mental health inequalities is mainly realized
in the 10-50 quartile range and 55—-80 quartile range.

RIF decomposition of digital engagement’
contribution to mental health inequalities
This part of the analysis used the RIF decomposition

method to decompose the characteristic effects of gender
mental health inequalities. Table 4 reports the results of
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Table &. RIF decomposition results for gender mental health inequalities.

Female —0.539***
Male —0.458***
Difference —0.081*** 100
Explained —0.038***  146.383
Unexplained —0.043*** 53,617
Digital engagement —0.003** 3.933
Age —0.001 1.295
Marriage status (ref: married) 0.002 —2.239
Years of education 0.000 —0.440
Residence (ref: rural) 0.001** —1.568
Insurance (ref: none) —0.001* 1.339
Annual personal income —0.001 1.398
Self-assessed health status —0.033***  40.955
BMI —0.002 2.055
Residence area (ref: western China)
Northeast China 0.001 —0.952
Central China 0.000 —0.511
Eastern China —0.001 1.118
**% < 0,001,
**p<0.01.
*p<0.05.

the RIF decomposition at the 10th, 50th and 90th quantile.
The results show that differences in the characteristic of
digital engagement contributed 3.93%, 3.26%, and 2.67%
of gender mental health inequality at the 10th, 50th, and
90th quantile. The mitigating effect of digital engagement
on gender mental health inequality diminished at the 10th
(—0.003, p<0.01), 50th (—=0.002, p<0.001), and 90th
(—0.001, p<0.01) quartiles in that order, suggesting that dif-
ferences in the characteristics of digital engagement mitigated
gender mental health inequality, and that this mitigating effect
was increasing with increasing levels of mental health.
Figure 3 shows the characteristic effect of digital engagement

0.028*** 0.408***

0.100*** 0.451***

—0.072*** 100 —0.043*** 100

—0.032***  45.209 —0.015***  34.252
—0.039***  54.791 —0.028***  65.748
—0.002*** 3.257 —0.001** 2.672
—0.003** 3.756 —0.002** 4.355
—0.003** 3.825 —0.001 2.837
0.000 —0.274 0.000 —0.167
0.001** —1.776 0.000* —0.892
—0.001* 0.934 0.000 0.246
0.001 —1.602 0.002 —5.521
—0.022***  31.219 —0.011***  25.336
—0.005*** 6.356 —0.003*** 6.024
0.001 —0.796 0.001* —1.225
0.000 —0.444 0.000 —0.232
—0.001 0.752 0.000 0.818

on gender mental health inequality measured by RIF decom-
position at different quartiles, and it can be seen that this miti-
gating effect shows a small fluctuating trend.

Based on the same analytical approach, the characteristic
effects of urban—rural mental health inequalities were again
decomposed using the RIF decomposition method. Table 5
reports the results of the RIF decomposition at the 10th,
50th, and 90th quantile points. These results indicate that
the characteristic difference in digital engagement contri-
butes 18.95%, 17.19%, and 19.60% of urban—rural mental
health inequality at the 10th, 50th, and 90th quantile
points, respectively. Specifically, the mitigating effect of
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Table 5. RIF decomposition results for urban-rural mental health inequalities.

Rural —0.556***
Urban —0.441%**
Difference —0.116*** 100
Explained —0.047***  40.357
Unexplained —0.069***  59.643
Digital engagement —0.022***  18.951
Gender (ref: female) 0.001 —0.647
Age 0.001 —0.933
Marriage status (ref: married) 0.001 —0.742
Years of education —0.018***  15.232
Insurance (ref: none) 0.001 —1.122
Annual personal income 0.000 —0.411
Self-assessed health status —0.001 0.470
BMI 0.000 0.059
Residence area (ref: western China)
Northeast China —0.002 1.338
Central China 0.001* —1.188
Eastern China —0.011*** 9.349
**%p<0.001.
**p<0.01.
*p<0.05.

digital engagement on urban—rural mental health inequality
showed a “U” shape at the 10th (—0.022, p <0.001), 50th
(—0.013, p<0.001), and 90th (—0.006, p<0.01) quartiles.
It proves that digital engagement can alleviate urban—rural
mental health inequalities, but this alleviation effect is
stronger at the low and high quartiles, and weaker at the
middle quantile.

Combined with the mitigating effects at different quar-
tiles of Figure 3, the mitigating effect of digital engagement
on urban—rural mental health inequality reaches its weakest
at the 30th quantile, and then has been fluctuating and
strengthening, and then exceeds the mitigating effect at
the 10th quantile at the 60th quantile, and then shows a

0.026*** 0.419***

0.100*** 0.450***

—0.075*** 100 —0.031*** 100

—0.026***  34.332 —0.006** 17.746
—0.049***  65.668 —0.026*** 82.254
—0.013***  17.189 —0.006** 19.604
0.001** —1.517 0.001** —2.228
0.004***  —5.887 0.002***  —7.794
0.000 —0.105 0.000 —0.742
—0.008** 10.816 —0.001 1.916
0.001 —0.987 0.000 —0.991
0.001 —1.099 0.004**  —11.718
0.000 0.506 0.000 0.529
—0.001** 2.003 —0.001** 2.682
—0.002*** 2.815 —0.001 2.005
0.001* —1.318 0.001** —1.633
—0.009***  11.916 —0.005*** 16.114

fluctuating and strengthening trend. The mitigating effect
of digital engagement on urban—rural mental health inequal-
ities is drastic relative to the mitigating effect on gender
mental health inequalities, and the mitigating effect on
mental health inequalities is stronger at the higher quartiles
relative to the former.

Discussion

Based on the CFPS 2020 wave dataset, this research empir-
ically examines the effects of digital engagement on mental
health and mental health inequality among Chinese adults.
The research found that: (1) digital engagement positively
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Figure 3. Contribution of digital engagement to mental health inequalities at different quartiles by gender and urban-rural.

predicts the mental health of Chinese adults and has a more
significant digital “healing” effect in female samples and
rural samples; (2) digital engagement significantly allevi-
ates adult mental health inequalities, which including
gender mental health inequalities and urban—rural mental
health inequalities, with stronger mitigating effects of
digital engagement in the latter group; (3) digital engage-
ment’s mitigating effect on gender mental health inequal-
ities is mainly realized in the 45-80 quantile range, but
digital engagement’s mitigating effect on urban—rural
mental health inequalities is mainly realized in the 10-50
quantile range and 55-80 quantile range; (4) the character-
istic difference of digital engagement can mitigate gender
mental health inequalities, and this mitigating effect is grad-
ually weakening with the increase of mental health level; in
contrast, the characteristic difference of digital engagement
also mitigates urban—rural mental health inequalities, but
this mitigating effect is stronger at the lower and higher
quartiles compared to at the intermediate quartile.

Digital engagement positively predicts mental health
among Chinese adults, including male adults, female
adults, and both rural and urban adults, and this positive
impact effect is stronger among female and rural groups.
Prior research has suggested that the same resources held
by dominant groups lead to higher returns,®® that male
groups can derive greater benefits from the Internet com-
pared to female groups,’* and that improvements in subject-
ive well-being among Internet users have also occurred
primarily among residents of large and medium-sized
cities.” However, this research’s findings are inconsistent
with this, as adult digital engagement in the Chinese scen-
ario consistently had a higher positive impact effect on
women’s mental health than men’s, and a higher positive
impact effect on mental health in the rural sample than in
the urban sample.

There is also gender heterogeneity and urban—rural het-
erogeneity in the effects of digital engagement on the
mental health of Chinese adults, that is a more pronounced
digital “healing” effect was reported in female samples and
rural samples. One possible explanation is that rural and
urban samples, and male and female samples differ in
their Internet use preferences.’® Urban residents are more
likely to use the Internet for learning and acquiring useful
knowledge, whereas rural groups are more likely to use
the Internet for leisure and entertainment; women are
more likely than men to seek informational help on social
media.”’® Giving and receiving emotional support
relieves mental stress from higher levels of social support.®°

Digital engagement can significantly mitigate mental
health inequalities among adults, as well as gender mental
health inequalities and urban—rural mental health inequal-
ities. Unlike the findings of Spanakis et al.,14 the effect of
digital exclusion was not significant among Chinese
adults. However, the mitigating effect of digital engage-
ment on urban—rural mental health inequalities was stronger
than that of gender mental health inequalities. This is attrib-
uted to the unequal access to resources, social services, and
information resulting from the particular China’s dual
urban—rural social structure.®!%? Traditionally, rural areas
are characterized by remote locations, lack of medical
resources, and inadequate public health services,®**®* result-
ing in more severe mental health problems among rural resi-
dents. Digital engagement, through the Internet and mobile
technology, provides opportunities to remedy these
inequalities, significantly improving the mental health of
rural residents.®>®7 In contrast, the marginal effect of
digital engagement is relatively small for urban residents,
despite having more developed healthcare systems and
mental health services, because urban residents are
already able to access these services more easily, making
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digital engagement’s contribution to their mental health pri-
marily a complementary function.®®%°

In addition, digital engagement exerted its mitigating
effects in different ways. It mitigated gender mental
health inequalities in the 45-80 quartile range, but miti-
gated urban—rural mental health inequalities in the 10-50
quartile range and in the 55-80 quartile range. It is also
important to note that the mitigating effect of digital
engagement on gender mental health inequality was pro-
gressively weaker, but there was no such trend for the miti-
gating effect on urban—rural mental health inequalities. This
gap may be due to the difference in the causes of gender
mental health inequality, which is mainly due to social
roles, gender norms and biological differences, and
urban—rural mental health inequality, which is mainly due
to uneven distribution of resources and accessibility of
public services.

This research also had unexpected findings. Previous
research has argued that digital engagement positively med-
iates the formation of gender and urban—rural mental health
inequalities,”™”" thereby amplifying mental health inequal-
ities. As an example, Leguina et al. identified online partici-
pation as a form of bridging capital that reproduces and
exacerbates levels of inequality in contemporary society
by allowing already advantaged users to deploy these
resources online and benefit from their economic, cultural
and social capital.72 However, this research found that for
groups with digital resource advantages, digital resource
advantages did not reinforce each other with other socio-
economic status advantages (gender and rural/urban) to
produce a magnifying effect. Instead, the digital dividend
effect was greater than the digital divide effect. The
reason for this may be that the rural and female samples
tended to have more scarce initial social resources with
lower perceptions of social support compared to the urban
and male groups, making their mental health status
perhaps more benefited by a wide range of digital engage-
ment activities.

Clearly, these research findings support the resource
substitution theory®” and add new evidence to it, further
confirming that digital engagement is increasingly critical
to enhancing the mental well-being of those occupying
resource disadvantageous positions. Our results are also
confirmed in the older adults.”® At the same time, it also
refutes the social dis-placement hypothesis,** which states
that digital engagement has negative effects on mental
health due to the crowding out of more valuable interaction
time with family and friends. This inconsistency may come
from the intensity of users’ use of digital technology, with
excessive/problematic Internet use often detrimental to
mental health. Therefore, it should be further noted that
the generalizability of the study conclusions is influenced
by the researchers’ measurement of digital engagement.

There are limitations to this research. Firstly, this study
used the 2020 dataset in the context of the COVID-19

pandemic, which somewhat limits the external validity of
the findings. Secondly, the measure of digital engagement
and mental health lacks a well-established scale, which
would affect the estimation of the effect of digital engage-
ment on mental health inequalities. Thirdly, because this
study used a secondary cross-sectional dataset, potential
endogeneity issues were not addressed and are a limitation
of the study.

Conclusions

This research explored the association between digital
engagement and mental health inequalities based on cross-
sectional data from the CFPS wave 2020. The findings val-
idate the positive impact of digital engagement on the
mental health level of Chinese adults, while digital engage-
ment effectively mitigates mental health inequalities driven
by gender and urban—rural factors. In addition, although the
level of digital engagement of the female, rural sample is
not as good as that of the male, urban sample, the former
can better utilize digital technology to improve their
mental health. Based on this, for the public sector, strength-
ening the construction of digital public infrastructure and
enhancing the level of digital engagement, especially for
disadvantaged groups, are important policy directions to
improve citizens’ mental health and reduce mental health
inequalities.
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