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Abstract

Background: There has been an increase in older rural-to-urban migrant workers (aged 50 and above) in mainland
China, little known about their depressive symptoms. The aim of this study was to identify depressive symptoms
among older rural-to-urban migrant workers, as well as explored the factors leading to differences in depressive
symptoms between older rural-to-urban migrant workers and their rural counterparts (older rural dwellers) and
urban counterparts (older urban residents) in mainland China. The results provided a comprehensive understanding
of the depressive symptoms of older rural-to-urban migrant workers, and had great significance for improving the
depressive symptoms for this vulnerable group.

Methods: Data were derived from the China Health and Retirement Longitudinal Study (CHARLS) conducted in
2015, and coarsened exact matching (CEM) method was employed to control confounding factors. This study
employed a Chinese version 10-item short form of the Center for Epidemiologic Studies-Depression Scale (CES-D
10) to measure depressive symptoms, and used the Social-Ecological Model as a framework to explore influential
factors related to depressive symptoms. Specifically, the approach of Fairlie’s decomposition was used to parse out
differences into observed and unobserved components.

Results: After matching, our findings indicated that the prevalence of depressive symptoms in older rural-to-urban
migrant workers was lower than older rural dwellers; and the prevalence of depressive symptoms in older rural-to-
urban migrant workers was higher than older urban residents. Fairlie’s decomposition analysis indicated that type of
in-house shower, sleeping time at night and ill in the last month were proved to be major contributors to the
differences in depressive symptoms between older rural-to-urban migrant workers and older rural dwellers; self-
reported health and sleeping time at night were proved to be major contributors to the differences in depressive
symptoms between older rural-to-urban migrant workers and older urban residents.
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Conclusions: Differences in depressive symptoms between older rural-to-urban migrant workers and their rural and
urban counterparts did exist. Our findings contributed to a more reliable understanding in depressive symptoms
among older rural-to-urban migrant workers. Our findings would be of referential significance for improving older
rural-to-urban migrant workers’ depressive symptoms.

Keywords: Depressive symptoms, Older rural-to-urban migrant workers, The social-ecological model, Fairlie’s
decomposition

Background
There has been a dramatic increase in rural-to-urban
migrant workers in mainland since the 90’s of last cen-
tury. At the same time, a number of rural-to-urban mi-
grant workers are facing the situation of aging, and they
are developing older rural-to-urban migrant workers
(aged 50 and above), as National Bureau of Statistics
(NBC) mentioned [1]. According to the NBC, on a na-
tional scale, the proportion of older rural-to-urban mi-
grant workers in mainland China reached approximately
17.9% of the total rural-to-urban migrant workers in
mainland China in 2015 [1]. Older rural-to-urban mi-
grant workers have the dual characteristics of the rural-
to-urban migrant workers and the elderly, which means
they have more prominent health risks for depressive
symptoms. Depressive symptoms is a notable contribu-
tor to the global economic burden of diseases world-
wide. Psychological and neurological disorders are
responsible for about 20% of the overall disease burden
in mainland China in 2015 [2]. In 2015, psychological
and neurological disorders are responsible for about 20%
of the overall disease burden in mainland China [2].
China is a great country with the largest rural-to-urban
migrant workers population in the world. The depressive
symptoms problem-solving of this specific group is of
great significance to achieve national health in mainland
China.
Evaluating the mental health differences between older

rural-to-urban migrant workers and their rural counter-
parts and their urban counterparts is essential for the
mental health plans proposed to benefit older rural-to-
urban migrant workers in mainland China. Mixed,
sometimes contradictory mechanisms through which
migration may potentially influence the mental health
have been presented. However, there are still no
consistency conclusions. On one hand, migration may
cause disadvantages in many aspects, which had negative
implications for rural-to-urban migrant workers’ depres-
sive symptoms. Much research had demonstrated that
migration was associated with an increased risk for poor
mental health [3, 4]. Older rural-to-urban migrant
workers were hindered by the lack of social capital, low-
wage “3D” (dirty, dangerous and demanding) jobs, the
strong mobility of work and the great intensity of work

[5–7], which made older rural-to-urban migrant workers
at high risk for depressive symptoms. Therefore, older
rural-to-urban migrant workers in mainland China
would be more likely to report relatively worse mental
health status than those who were not experiencing the
migration. On the other hand, extensive studies [8, 9]
suggested that rural-to-urban migrant workers, who
were likely to be a “selected” population with good
health pre-migration, were generally healthier than the
resident population at the origin and destination. This is
often referred to as the “healthy migrant phenomenon”
[8]. The “healthy migrant effect” isn’t exactly set in
stone. There are some contentions with this theory on
whether or not it exists to the extent that some of the
literature states that it does [8].
Following the accelerated speed of population aging,

older rural-to-urban migrant workers’ depressive symp-
toms should be taken seriously. Previous studies [10, 11]
had discussed the depressive symptoms of age-
heterogeneous group by comparing the new-generation
rural-to-urban migrant workers (those born after 1980)
and the old-generation rural-to-urban migrant workers
(those born before 1980) in mainland China, and the re-
sults showed that the new-generation suffered from
more depressive symptoms than the old-generation. At
the same time, many studies [12–15] had explored de-
pressive symptoms among elderly migrants (aged 60 and
above) who migrated due to grandchild’s care, better
health care services and family care, but their original
intention was different from that of older rural-to-urban
migrant workers. However, the potential effects on mi-
gration of older rural-to-urban migrant workers’ mental
health status has rarely been empirically recognized. In
addition, few evidence was available to evaluate the po-
tential effects of migration on older rural-to-urban mi-
grant workers’ mental health.
Limit studies on older rural-to-urban migrant workers

in mainland China has primarily focused on their health;
however, research regarding the comparison between
older rural-to-urban migrant workers in mainland China
and their rural and urban counterparts is scarce. To our
best of knowledge, only Dan et al. had specially focused
on the health of older rural-to-urban migrant workers in
mainland China, and their study showed that older
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rural-to-urban migrant workers had higher self-assessed
health status, compared with older rural dwellers [16]. A
growing number of comparative studies on depressive
symptoms between rural-urban migrants verse urban
and rural counterparts had presented a conflicting pic-
ture. For example, Li et al. [17] discovered that rural-to-
urban migrant workers suffered from worse depressive
symptoms than their counterparts in the rural and urban
areas. Zhong et al. [18] undertook a meta-analysis, and
reported that rural-to-urban migrant workers experi-
enced a greater severity of depressive symptoms than
the general population. Li et al. [11] concluded that
rural-to-urban migrant workers suffered from less de-
pressive symptoms than their urban counterparts. Very
few related studies [19] had specially focused on depres-
sive symptoms of older rural-to-urban migrant workers
in mainland China. Min et al. explored how social sup-
port affected older rural-to-urban migrant workers’
mental health, and it has been reported that social sup-
port had a significant effect on their mental health.
However, there is a lack of comparison of depressive
symptoms between older rural-to-urban migrant
workers and their rural and urban counterparts, and the
explanations for the differences have been less explored,
not mentioning the probable determinants of the
differences.
Social-Ecological Model provided a good framework to

identify factors influencing the outcome at various levels
[20]. Various studies have been conducted on how fac-
tors at multiple levels of the Social-Ecological Model
contribute to depressive symptoms [21–25]. Social-
Ecological Model contextualizes individuals’ behaviors
using dimensions including biological characteristics and
perceived susceptibility, life-style and health behavior,
social interpersonal, living and working conditions; and
social system, to provide a framework for describing the
interactions between five spheres [20].
Although there is increasing recognition of older

rural-to-urban migrant workers in mainland China, their
mental health evaluation associated with migration is
still in its infancy. As there were no consistency conclu-
sions about mental health mechanisms about older
rural-to-urban migrant workers. Our paper aimed to
show the differences in depressive symptoms at multiple
levels of the Social-Ecological Model between older
rural-to-urban migrant workers versus older rural
dwellers, and between older rural-to-urban migrant
workers versus older urban residents. Therefore, based
on the Social-Ecological Model, our study aimed to re-
veal the differences in depressive symptoms between
older rural-to-urban migrant workers and older rural
dwellers, and the differences between older rural-to-
urban migrant workers and older urban residents. Our
study further quantified the impact of biological

characteristics and perceived susceptibility, life-style and
health behavior, social interpersonal, living and working
conditions; and social system on the depressive symp-
toms of older rural-to-urban migrant workers and their
urban and rural counterparts. Then Fairlie’s decompos-
ition was applied to deeply analyze the source of the dif-
ferences in depressive symptoms. Accordingly, we
provided insights into the issues of depressive symptoms
among older rural-to-urban migrant workers, to deepen
our understanding of this vulnerable group in mainland
China.

Methods
Data
We adopted a dataset from Chinese Health and Retire-
ment Longitudinal Study (CHARLS) conducted in 2015,
and the data was issued by the China Center for Eco-
nomic Research at Beijing University. By using the PPS
Method (Probability Proportional to Size), `28 provinces
in mainland China were randomly selected in the first
stage, and 150 county-level units were selected in the
next stage. Thirdly, 450 village-level units were chosen.
Then, 12,400 households were interviewed. Finally, 23,
000 individuals who were aged 45 and older were inter-
viewed. These samples can be tracked every two to 3
years in the future, and a detailed description of the
questionnaire had been published [26]. The CHARLS
study has get the approval for interviewing respondents
and collecting data by the Biomedical Ethics Review
Committee of Peking University, and the informed con-
sent was required to sign by the respondents.
In our study, older rural-to-urban migrant workers in-

cluded met the following inclusion criteria: (1) aged 50
~ 65; (2) with rural hukou (Chinese household registra-
tion system); (3) their permanent was cities and towns;
(4) employed for more than 6months. Older rural
dwellers included met the following inclusion criteria:
(1) aged 50 ~ 65; (2) with rural hukou; (3) their perman-
ent was village; (4) not employed, or employed for less
than 6 months. Older urban residents included met the
following inclusion criteria: (1) aged 50 ~ 65; (2) with
urban hukou; (3) their permanent was cities and towns.
In our study, we restricted the age from 50 to 65 [27], to
eliminate those who have exited the labor market. Four
thousand eight hundred respondents (213 older rural-to-
urban migrant workers, 3264 older rural dwellers and
703 older urban residents) were identified in the final
sample for further analysis after data cleaning.

Measurement
For the response variables of depressive symptoms, a
Chinese version 10-item short form of the Center for
Epidemiologic Studies-Depression Scale (CES-D 10) had
exhibited a good internal consistent reliability and good
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construct (Cronbach’s alpha coefficients =0.813) [28, 29].
Per standard practice, the two positively oriented items,
happiness and hope, were re-coded to be similar to the
negatively oriented items. We used a 4 ~ point rating,
ranging from rarely or none of the time (< 1 day), some
or a little of the time (1 ~ 2 days), occasionally or a mod-
erate amount of the time (3 ~ 4 days), to most or all of
the time (5 ~ 7 days). Overall depressive symptoms was
computed by combining the CES-D 10 values of ten
items, which ranged from 0 to 30, with higher scores in-
dicating more perceived poorer depressive symptoms.
According to previous studies [28, 29], a score of 10 and
over on the CES-D 10 indicated having depressive symp-
toms. Thus, the depression symptoms was a dummy
variable equal to 1 if the score was 10 and over, and 0
otherwise.

Social-ecological model
In our study, we followed the construction of some vari-
ables in previous research on ecological models of men-
tal health [23, 24, 30–32]. According to the Social-
Ecological Model, five dimensions and independent vari-
ables in our study can be constructed from the following
aspects:
First, biological characteristics and perceived suscepti-

bility: age group (50 ~ 60, 61 and above), gender (male,
female), have you been ill in the last month (yes, no),
self-reported health (completely satisfied, very satisfied,
somewhat satisfied, not very satisfied, not at all satisfied)
and chronic diseases (no, one, two and above).
Second, life-style and health behavior variables: smok-

ing, drinking, sleeping time at night (<=4 h, 4 h ~ 8 h, >
8 h) and nap after lunch (yes, no).
Third, social interpersonal variables considered in the

study were living arrangement (married with spouse
present, live without spouse present), education level
(below primary school, primary school, middle school
and above) and social activity (none, one, two and
above).
Four, living conditions and economic status: type of

in-house shower (hot water provided, water heater in-
stalled by the household, no), clear in this house (good,
fair, bad), geographic characteristics reflecting the poten-
tial regional heterogeneity (east, central, west) and ex-
penditure. Expenditure was measured by yearly personal
expenditure, and then was divided into five quintiles,
from the poorest expenditures quintile and the richest
quintile.
Five, social system considered in the study were

type of health insurance {basic health insurance [in-
cluding new cooperative medical insurance (NCMS
[33])], no} and type of pension insurance [basic pen-
sion insurance, no] .

Coarsened exact matching method
By using comparative analysis approach, our study ana-
lyzed the differences of depressive symptoms among
older rural-to-urban migrant workers and their urban
and rural counterparts. As Mark [34] put it, migration
for work was not decided by a random selection. Con-
trarily, it involved several selections, such as self-
selection and financial selection. To eliminate the devi-
ation caused the selections and guarantee better balance
of empirical distributions of the covariates between the
comparison groups, we applied Coarsened exact match-
ing (CEM) [35–38]. The approach helped to avoid the
logic cycle in the matching process and reduce model
dependence between the comparison groups. In general,
the basic algorithm of CEM mainly included three pro-
cedures. The first step was to coarsen the variables to
groups and appoint the indistinguishable values with the
same value. Second, the algorithm of exact matching
was employed. After removing the coarsened data, the
final matched data should be reserved [39, 40]. In this
study, groups were matched based on the employment
status, so that they were comparable. In our study, mi-
gration for work in cities for older rural-to-urban mi-
grant workers represented a different change in status. It
meant “moving out” for older rural residents, but it
meant “moving in” for older urban residents. Due to the
Hukou system in mainland China, there was a huge gap
between urban and rural residents, both in terms of
socio-economic characteristics and mental health ser-
vice. Therefore, we estimated the depressive symp-
toms in the three older groups by CEM. The
covariate distributions of the data for those who
moved out from rural areas and those who did not
are different, and the covariate distributions for those
who moved to cities and those who did not were also
different. In our study, gender, age group, living ar-
rangement, educational attainment, health insurance,
pension insurance and economic status were used for
the variable matched. If we simply put three categor-
ies together and use older rural-to-urban migrants as
the reference group in same model, the variables
matched would make the three older groups less
comparable. Also, it might lead to the bias caused by
the migration status(i.e., moving in or moving out).
Therefore, we made two comparisons between older
rural-to-urban migrant workers versus older rural
dwellers, and between older rural-to-urban migrant
workers versus older urban residents. In addition,
CEM can improve estimates of the causal effect with
the lowest bias for any sample size [41]. The in-
creased efficiency and lower bias properties of CEM
were attributed to stratification and exact matching of
the treated and non-treated groups based on variables
that explained variance in the outcome of our
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interest, difference-in-difference computations, and
strata-based weighting within a nonparametric
framework.
The multivariate imbalance measure L1 can be used to

test the imbalance before and after CEM. L1 ranged from
0 to 1 (0 standed for perfect balance and 1 standed for
maximal imbalance). A higher value meant a larger im-
balance between comparison groups. A lower value
meant more perfect global balance. A substantial reduc-
tion in L1 indicated a well-balanced matching [40]. If a
sufficient degree of bias has been removed, the weights
can be used in descriptive statistics and Logit models to
determine the causal effect of the treatment effect [40].
Details on how to compute CEM in Stata can be found
in previous studies [42]. CEM is an ado command by
Blackwell, not an official Stata command, and CEM can
be modeled by using the “cem” command code in
Stata15.0.

Decomposition method
Decomposition method was used to decompose the
mental health differences into the contribution of vari-
ous factors. If the mental health outcome was a continu-
ous variable, Oaxaca-Blinder decomposition method was
extensively adopted to analyze the contributions of
health differences in different groups [43–45]. In most
cases, however, the mental health outcome variables
were seldom continuous. Since our outcome variables
were dummy indicating whether the respondent cur-
rently suffered from depression symptoms, our study
used the non-linear decomposition methods proposed
by Fairlie and Bartus [46].
Following Fairlie [47], the decomposition for a nonlin-

ear equation, Y ¼ FðX β
∧
Þ can be written as:
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To calculate the decomposition, we defined Y − w and
Y − B as the average probability of the binary mental
health outcomes of two groups, and F as the cumulative
distribution function from the logistic distribution. Y − w

− Y − B represented the total gap due to group differ-
ences. Where Nj was the sample size for group j. In our
study, j presented these two groups of w and B. This al-
ternative expression for the decomposition was used be-

cause Y did not necessarily equal. FðX β
∧
Þ
3

The equation
showed that the differences was made up of two compo-
nents: explained component and unexplained

component. In (1), the first term in brackets represented
the part of the gap that was due to group differences in
observed characteristics and a part attributable to differ-
ences in the estimated coefficients. The second term
represented the part because of the differences caused
by the levels of Y. Contribution to the differences in de-
pressive symptoms between different older groups and
the proportion of contribution in the differences were
reported.

Statistical analysis
The descriptive statistics analyses showed the details,
and the chi-square test was used to examine categorical
variables. The logistic regression was applied with
weighted data to estimate the association between influ-
encing factor and depressive symptoms. Multicollinearity
was quantified by variable inflation factors (VIF); and the
cut-offs of 5, 10, and sometimes 30 would indicate prob-
lematic levels of multicollinearity [43]. All results were
presented as odds ratios with 95% confidence intervals
(CIs). Finally, Fairlie’s decomposition was performed for
the contributions of the differences. All procedures were
conducted using STATA 15.0 (StataCorp LP., College
Station, TX, USA). The statistical significance level was
defined as 0.05.

Result
Tables 1 and 2 showed summary statistics for the char-
acteristics of respondents before and after matching. It
was obvious that there were statistically significant dif-
ferences on some characteristics between older rural-to-
urban migrant workers and older rural dwellers, and be-
tween older rural-to-urban migrant workers and older
urban residents before matching. Therefore, to compare
their depressive symptoms, we need to match key vari-
ables by CEM to control confounding factors. It was ob-
vious that there was almost no statistically significant
difference on these characteristic after matching, which
indicated good matching performances, and thus these
groups became more comparable. According to Tables 1
and 2, older rural-to-urban migrant workers reported a
lower prevalence of depressive symptoms than older
rural dwellers, but a higher prevalence of depressive
symptoms than older urban residents.
Table 3 showed the multivariate L1 statistics. After

matching, L1 between older rural-to-urban migrant
workers and older rural dwellers was actually close to
zero, which was much lower than that before matching
(0.478), indicating good matching performances; L1 be-
tween older rural-to-urban migrant workers and older
urban residents was all actually close to zero, which was
much lower than that before matching (0.456), which
also indicated good matching performances.
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Table 1 Variables for older rural-to-urban migrant workers and older rural dwellers before after matching

Before Matching N(%) After Matching N(%)

Older rural-to-urban migrant
workers

Older rural
dwellers

p-
value

Older rural-to-urban migrant
workers

Older rural
dwellers

p-
value#

Depressive symptoms < 0.05 0.092

Yes 167(23.76) 1239(37.96) 55(30.73) 839(38.31)

No 536(76.24) 2025(62.04) 124(69.27) 1351(61.69)

Biological characteristics & perceived susceptibility variables

Gender 0.144 1.000

Mena 122(57.28) 1701(52.11) 105(58.66) 1701(52.11)

Women 91(42.72) 4862(45.95) 74(41.34) 1563(47.89)

Age group < 0.05 1.000

50–60 a 153(71.83) 1455(66.44) 127(70.95) 2113(64.74)

61 and above 60(28.17) 735(33.56) 52(29.05) 1151(35.26)

Ill in the last month 0.158 0.306

Yesa 19(8.92) 270(12.33) 17(9.5) 397(12.16)

No 194(91.08) 1920(87.67) 162(90.50) 2867(87.84)

Self-reported health 0.325 0.979

Completely satisfieda 9(4.23) 70(3.2) 7(3.91) 117(3.58)

Very satisfied 39(18.31) 452(20.64) 32(17.88) 704(21.57)

Somewhat satisfied 108(50.70) 1021(46.62) 88(49.16) 1489(45.62)

Not very satisfied 46(21.60) 468(21.37) 42(23.46) 687(21.05)

Not at all satisfied 11(5.16) 179(8.17) 10(5.59) 267(8.18)

Chronic diseases 0.082 0.388

Noa 93(43.66) 835(38.13) 77(43.02) 1296(39.71)

Only one 49(23.00) 667(30.46) 44(24.58) 987(30.24)

Two and above 71(33.33) 688(31.42) 58(32.40) 981(30.06)

Life-style and health behavior variables

Smoke 0.487 0.463

Still smokinga 57(31.84) 1051(32.2) 62(29.11) 747(34.11)

Quit 116(64.80) 2123(65.04) 143(67.14) 1383(63.15)

Never smoked 6(3.35) 90(2.76) 8(3.76) 60(2.74)

Drink (in the past year) 0.718 0.687

Drink more than once a
montha

58(32.40) 935(28.65) 66(30.99) 643(29.36)

Drink but less than once a
month

15(8.38) 293(8.98) 20(9.39) 199(9.09)

None of these 106(59.22) 2036(62.38) 127(59.62) 1348(61.55)

Sleeping time < 0.05 0.178

< =4a 32(17.88) 541(16.57) 37(17.37) 353(16.12)

4 ~ 8 136(75.98) 2390(73.22) 165(77.46) 1621(74.02)

> 8 11(6.15) 333(10.2) 11(5.16) 216(9.86)

Nap 0.218 0.439

Yesa 110(61.45) 1867(57.2) 131(61.50) 1250(57.08)

No 69(38.55) 1397(42.8) 82(38.50) 940(42.92)

Social interpersonal variables

Living arrangement 0.082 1.000
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Table 1 Variables for older rural-to-urban migrant workers and older rural dwellers before after matching (Continued)

Before Matching N(%) After Matching N(%)

Older rural-to-urban migrant
workers

Older rural
dwellers

p-
value

Older rural-to-urban migrant
workers

Older rural
dwellers

p-
value#

Live with spousea 176(82.63) 2538(77.76) 148(82.68) 1868(85.3)

Live without spouse 37(17.37) 726(22.24) 31(17.32) 322(14.7)

Educational attainment 0.096 0.616

Primary school and above a 174(81.69) 363(11.12) 16(8.94) 256(11.69)

Primary school 24(11.27) 2468(75.61) 140(78.21) 1823(83.24)

Middle school and above 15(7.04) 433(13.27) 23(12.85) 111(5.07)

Social activity < 0.05 < 0.05

Nonea 64(30.05) 1489(45.62) 56(31.28) 1033(47.17)

1 70(32.86) 966(29.6) 63(35.20) 619(28.26)

> =2 79(37.09) 809(24.79) 60(33.52) 538(24.57)

Living conditions and economic
status

< 0.001

Running water < 0.001

Yesa 190(89.20) 2291(70.19) 158(88.27) 1514(69.13)

No 23(10.80) 973(29.81) 21(11.73) 676(30.87)

Type of in-house shower

Hot water provideda 6(2.82) 16(0.49) < 0.001 4(2.23) 12(0.55) < 0.05

Water heater installed by the
household

157(73.71) 1740(53.31) 132(73.74) 1132(51.69)

No 50(23.47) 1508(46.2) 43(24.02) 1046(47.76)

Clear in this house < 0.001 0.256

Gooda 82(38.50) 964(29.53) 65(36.31) 638(29.13)

Fair 110(51.64) 1973(60.45) 95(53.07) 1352(61.74)

Bad 21(9.86) 327(10.02) 19(10.61) 200(9.13)

Region 0.261 0.972

Easta 80(37.56) 1275(39.06) 69(38.55) 817(37.31)

Middle 87(40.85) 1164(35.66) 70(39.11) 804(36.71)

West 46(21.60) 825(25.28) 40(22.35) 569(25.98)

Quintiles 0.371 1.000

Pooresta 34(15.96) 688(21.08) 30(16.76) 376(17.17)

Poorer 50(23.47) 653(20.01) 42(23.46) 444(20.27)

Middle 46(21.60) 640(19.61) 40(22.35) 488(22.28)

Richer 41(19.25) 662(20.28) 34(18.99) 492(22.47)

Richest 42(19.72) 621(19.03) 33(18.44) 390(17.81)

Social system

Health insurance < 0.001 1.000

Basic health insurancea 186(87.32) 3110(95.28) 186(87.32) 2161(98.68)

None 27(12.68) 154(4.72) 27(12.68) 29(1.32)

Pension insurance 0.499 1.000

Basic health insurancea 155(72.77) 2443(74.85) 155(72.77) 1759(80.32)

No 58(27.23) 821(25.15) 58(27.23) 431(19.68)

N 213 3477 179 2369
aReference levels in the regressions; Virtual variables for chi-2 test; p#-value indicated the weight to be considered
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Table 2 Variables for older rural-to-urban migrant workers and older urban residents before after matching

Dependent variables Before Matching N (%) After Matching N (%)

Older rural-to-urban migrant
workers

Older urban
residents

p-
value

Older rural-to-urban migrant
workers

Older urban
residents

p-
value#

Depressive symptoms 0.191 0.077

Yes 60(28.17) 167(23.76) 55(28.50) 97(22.00)

No 153(71.83) 536(76.24) 138(71.50) 344(78.00)

Biological characteristics & perceived susceptibility variables

Gender 0.144 1.000

Mena 122(57.28) 457(65.01) 114(59.07) 248(56.24)

Women 91(42.72) 246(34.99) 79(40.93) 193(43.76)

Age group < 0.05 1.000

50–60 a 153(71.83) 338(48.08) 141(73.06) 320(72.56)

61 and above 60(28.17) 365(51.92) 52(26.94) 121(27.44)

Ill in the last month 0.158 0.806

Yesa 19(8.92) 68(9.67) 17(8.81) 42(9.52)

No 194(91.08) 635(90.33) 176(91.19) 399(90.48)

Self-reported health 0.325 0.929

Completely satisfieda 9(4.23) 25(3.56) 9(4.66) 19(4.31)

Very satisfied 39(18.31) 102(14.51) 35(18.13) 60(13.61)

Somewhat satisfied 108(50.70) 413(58.75) 96(49.74) 261(59.18)

Not very satisfied 46(21.60) 132(18.78) 43(22.28) 82(18.59)

Not at all satisfied 11(5.16) 31(4.41) 10(5.18) 19(4.31)

Chronic diseases 0.082 1.000

Noa 93(43.66) 255(36.27) 86(44.56) 86(44.56)

Only one 49(23.00) 189(26.88) 42(21.76) 42(21.76)

Two and above 71(33.33) 259(36.84) 65(33.68) 65(33.68)

Life-style and health behavior variables

Smoke 0.487 0.341

Still smokinga 57(31.84) 183(26.03) 56(29.02) 123(27.89)

Quit 116(64.80) 496(70.55) 130(67.36) 298(67.57)

Never smoked 6(3.35) 24(3.41) 7(3.63) 20(4.54)

Drink (in the past year) 0.718 0.628

Drink more than once a
montha

58(32.40) 215(30.58) 62(32.12) 140(31.75)

Drink but less than once a
month

15(8.38) 87(12.38) 17(8.81) 56(12.70)

None of these 106(59.22) 401(57.04) 114(59.07) 245(55.56)

Sleeping time < 0.05 0.242

< =4a 32(17.88) 81(11.52) 31(16.06) 44(9.98)

4 ~ 8 136(75.98) 593(84.35) 151(78.24) 380(86.17)

> 8 11(6.15) 29(4.13) 11(5.70) 17(3.85)

Nap 0.218 0.281

Yesa 110(61.45) 417(59.32) 119(61.66) 259(58.73)

No 69(38.55) 286(40.68) 74(38.34) 182(41.27)

Social interpersonal variables

Living arrangement 0.082 1.000
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Table 2 Variables for older rural-to-urban migrant workers and older urban residents before after matching (Continued)

Dependent variables Before Matching N (%) After Matching N (%)

Older rural-to-urban migrant
workers

Older urban
residents

p-
value

Older rural-to-urban migrant
workers

Older urban
residents

p-
value#

Live with spousea 176(82.63) 576(81.93) 166(86.01) 395(89.57)

Live without spouse 37(17.37) 127(18.07) 27(13.99) 46(10.43)

Educational attainment 0.096 1.000

Primary school and above a 174(81.69) 30(4.27) 8(4.15) 8(1.81)

Primary school 24(11.27) 482(68.56) 36(18.65) 339(76.87)

Middle school and above 15(7.04) 191(27.17) 111(5.07) 94(21.32)

Social activity < 0.05 0.175

Nonea 64(30.05) 187(26.60) 58(30.05) 112(25.40)

1 70(32.86) 173(24.61) 61(31.61) 119(26.98)

> =2 79(37.09) 343(48.79) 74(38.34) 210(47.62)

Living conditions and economic
status

< 0.05

Running water < 0.001

Yesa 190(89.20) 674(95.87) 171(88.60) 419(95.01)

No 23(10.80) 29(4.13) 22(11.40) 22(4.99)

Type of in-house shower

Hot water provideda 6(2.82) 10(1.42) < 0.001 4(2.07) 6(1.36) 0.895

Water heater installed by the
household

157(73.71) 527(74.96) 143(74.09) 333(75.51)

No 50(23.47) 166(23.61) 46(23.83) 102(23.13)

Clear in this house < 0.001 0.111

Gooda 82(38.50) 316(44.95) 78(40.41) 213(48.30)

Fair 110(51.64) 324(46.09) 98(50.78) 187(42.40)

Bad 21(9.86) 63(8.96) 17(8.81) 41(9.30)

Region 0.261 0.740

Easta 80(37.56) 232(33.00) 73(37.82) 145(32.88)

Middle 87(40.85) 368(52.35) 80(41.45) 236(53.51)

West 46(21.60) 103(14.65) 40(20.73) 40(20.73)

Quintiles 0.371 1.000

Pooresta 34(15.96) 118(16.79) 26(13.47) 52(11.79)

Poorer 50(23.47) 142(20.20) 45(23.32) 95(21.54)

Middle 46(21.60) 152(21.62) 44(22.80) 100(22.68)

Richer 41(19.25) 142(20.20) 38(19.69) 104(23.58)

Richest 42(19.72) 21.19(21.19) 40(20.73) 90(20.41)

Social system

Health insurance < 0.001 1.000

Basic health insurancea 186(87.32) 583(82.93) 172(89.12) 398(90.25)

None 27(12.68) 120(17.07) 21(10.88) 43(9.75)

Pension insurance 0.499 1.000

Basic health insurancea 155(72.77) 476(67.71) 143(74.09) 329(74.60)

No 58(27.23) 227(32.29) 50(25.91) 112(25.40)

N 213 703 193 441
aReference levels in the regressions; Virtual variables for chi-2 test; p#-value indicated the weight to be considered
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Table 4 showed that, in the comparison of older rural-
to-urban migrant workers and older urban residents,
correlates for depressive symptoms of older rural-to-
urban migrant workers included age, self-reported health
and sleeping time; while correlates for older rural
dwellers included gender, ill in the last month, self-
reported health, chronic diseases, sleeping time and type

of in-house shower. In the comparison of older rural-to-
urban migrant workers and older urban residents, corre-
lates for depressive symptoms of older rural-to-urban
migrant workers included age group, self-reported
health, sleeping time and clear in this house; while cor-
relates for older rural dwellers included age, self-
reported health, sleeping time, social activity and region.

Table 3 L1 measure of imbalance before and after Coarsened Exact Matching

Variables Before Matching After Matching Before Matching After Matching

older rural-to-urban migrant workers older rural dwellers older rural-to-urban migrant workers older urban residents

L1 mean L1 mean L1 mean L1 mean

Age group 0.052 −0.052 2.3e-15 9.5e-15 0.052 −0.052 3.3e-16 −2.4e-15

Gender 0.071 −0.071 2.5e-15 −2.7e-15 0.071 −0.071 3.1e-16 −8.9e-16

Living arrangement 0.049 −0.049 6.5e-16 2.7e-15 0.049 −0.049 1.2e-16 2.2e-15

Educational attainment 0.050 0.078 5.1e-16 6.7e-16 0.050 0.078 1.2e-16 −3.1e-15

Social activity 0.175 −0.086 1.0e-15 3.6e-14 0.175 −0.086 1.8e-16 −8.9e-16

Smoke 0.164 −0.069 2.7e-15 1.8e-15 0.164 −0.069 2.5e−16 -1.3e15

Drink 0.062 0.071 3.5e-15 8.4e-15 0.062 0.071 5.8e-16 −7.1e-15

Income quintiles 0.052 −0.052 2.3e-15 9.5e-15 0.052 −0.052 3.3e-16 −2.4e-15

L1 0.478 3.4e-15 0.456 5.9e-16

L1 reported the L1j measure, which is L1 computed for the j th variable separated. The mean was labeled in parentheses reported the difference in means

Table 4 Association of independent variables and depressive symptoms in matched multivariate regression analysis

Older rural-to-urban migrant
workers

Older rural dwellers Older rural-to-urban migrant
workers

Older urban residents

Odds Ratio [95% CI] Odds Ratio [95% CI] Odds Ratio [95% CI] Odds Ratio [95% CI]

Gender 0.856 −0.019 1.731 −0.114*** − 0.325 0.096 1.020 0.136 1.903 −0.807 − 1.472 − 0.142

Age group 0.654* − 0.389 1.697 0.566 0.322 0.810 0.948* − 0.090 1.986 0.473* −0.178 1.124

Ill in the last month 0.111 −1.254 1.477 −0.551*** − 0.837 − 0.264 0.097 − 1.331 1.525 0.225 − 0.636 1.086

Self-reported health 1.044*** 0.487 1.600 0.600*** 0.489 0.712 1.069*** 0.519 1.620 1.086*** 0.700 1.472

Chronic diseases 0.031 −0.474 0.537 0.266*** 0.147 0.385 −0.155 −0.657 0.346 0.297 −0.023 0.616

Smoke −0.586 −1.553 0.381 −0.080 −0.294 0.135 −0.384 −1.349 0.582 −0.075 − 0.629 0.479

Drink 0.164 −0.381 0.710 0.076 −0.049 0.200 0.133 −0.404 0.669 −0.015 −0.374 0.345

Sleeping time −0.944* −1.810 −0.078 − 0.611*** −0.806 − 0.416 −1.001* − 1.891 −0.112 − 0.943** −1.610 −0.276

Nap 0.693 −0.118 1.503 0.076 −0.119 0.271 0.316 −0.475 1.107 0.302 −0.226 0.830

Living arrangement 0.710 −0.315 1.735 0.245 −0.030 0.520 0.743 −0.320 1.806 0.383 −0.419 1.186

Educational attainment 0.429 −0.451 1.309 −0.010 −0.253 0.234 −0.465 −1.416 0.486 −0.063 − 0.679 0.552

Social activity −0.459 −0.972 0.054 −0.100 − 0.219 0.020 − 0.351 −0.833 0.132 −0.344* − 0.670 −0.018

Running water −0.204 −1.419 1.011 0.098 −0.113 0.309 −0.028 −1.232 1.176 −1.013 −2.304 0.279

Type of in-house shower −0.429 −1.356 0.499 0.483*** 0.286 0.680 −0.539 −1.456 0.378 0.303 −0.287 0.893

Clear in this house 0.561 −0.094 1.215 0.160 −0.007 0.327 0.756* 0.100 1.411 0.044 −0.360 0.448

Region 0.266 −0.284 0.815 0.186 0.062 0.310 0.306 −0.256 0.867 0.538* 0.123 0.952

Income quintiles 0.111 −0.196 0.418 0.007 −0.067 0.082 0.168 −0.142 0.477 −0.105 −0.319 0.108

Health insurance 0.423 −0.933 1.779 −0.034 −0.887 0.820 −0.470 −1.959 1.019 −0.051 −1.009 0.907

pension insurance 0.334 −0.560 1.227 0.173 −0.070 0.415 0.386 −0.509 1.280 −0.006 −0.594 0.583

Confidence interval; * p < 0.05, ** p < 0.01, *** p < 0.001. We found low VIFs, < 10, reflecting no multicollinearity problem in the logistic regressions; all predictors
entered the multivariate regression simultaneously
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Table 5 further showed how the determinants influ-
enced the differences in depressive symptoms between
older rural-to-urban migrant workers and older rural
dwellers, and between older rural-to-urban migrant
workers and older urban residents. 54.15% of differences
between older rural-to-urban migrant workers and older
rural dwellers under the Social-Ecological Model would
be explained; only 20.56% of differences between older
rural-to-urban migrant workers and older urban resi-
dents would be explained. Our findings confirmed that
type of in-house shower (84.21%), sleeping time (−
15.77%) and ill in the last month (7.09%) were highly sig-
nificant in explaining Gap (1); while self-reported health
(− 49.65%) and sleeping time (− 49.00%) were highly sig-
nificant in explaining Gap (2).

Discussion
To the best of our knowledge, this was the first large-
scale comparative study in mainland China in depressive
symptoms between older rural-to-urban migrant
workers versus older urban residents, and between older
rural-to-urban migrant workers versus older urban

residents. The issue of older rural-to-urban migrant
workers in mainland China has attracted widespread at-
tention among the whole society [1]. Our study tried to
measure differences in depressive symptoms between
older rural-to-urban migrant workers and their rural
and urban counterparts in mainland China. CEM helped
reduce bias in the data, allowing for a more accurate and
stronger further analysis. Our study confirmed that there
were indeed differences in depressive symptoms between
older rural-to-urban migrant workers and their rural
and urban counterparts.
After matching, we found a lower prevalence of de-

pressive symptoms in older rural-to-urban migrant
workers than older rural dwellers, and a higher preva-
lence of depressive symptoms in older rural-to-urban
migrant workers than older urban residents. Older rural-
to-urban migrant workers had lower prevalence of de-
pressive symptoms than older rural dwellers, in agree-
ment with previous studies on “healthy migrant
hypothesis” [48]. It may be due to the fact that older
rural-to-urban migrant workers typically left their homes
to improve employment opportunities and economic

Table 5 Fairlie’s decomposition of depressive symptoms difference

Gap (1) Gap(2)

Total gap 0.0631 0.0653

Explained (%) 0.0342 (54.15%) 0.0134 (20.56%)

Explained

Contribution to difference Contribution (%) [95% CI] Contribution (%) [95% CI]

Gender −0.44 − 0.002 0.001 − 0.08 − 0.003 0.003

Age group −9.09 − 0.007 0.001 − 57.40 − 0.018 0.002

Ill in the last month 7.09* 0.000 0.004 2.14 −0.003 0.003

Self-reported health −6.15 −0.005 0.003 −49.65* −0.014 −0.001

Chronic diseases 0.21 −0.001 0.001 3.26 −0.003 0.004

Smoke 1.59 −0.002 0.003 −16.79 −0.007 0.002

Drink −0.39 −0.002 0.001 −4.93 −0.005 0.004

Sleeping time −15.77*** −0.009 −0.002 −49.00* − 0.013 −0.004

Nap 2.47 −0.001 0.003 26.62 −0.002 0.009

Living arrangement 1.17 −0.001 0.002 6.65 −0.003 0.005

Educational attainment 0.00 −0.001 0.001 −2.05 −0.003 0.003

Social activity 18.67 −0.002 0.014 13.88 −0.003 0.006

Running water 5.78 −0.008 0.012 47.77 −0.003 0.016

Type of in-house shower 84.21*** 0.016 0.042 2.09 −0.006 0.003

Clear in this house 2.81 −0.002 0.004 −19.31 −0.007 0.002

Region 2.64 0.007 0.032 −3.18 −0.004 0.003

Income quintiles 0.22 −0.001 0.002 −1.16 −0.004 0.003

Health insurance 0.66 −0.002 0.002 3.61 −0.003 0.004

Pension insurance −0.52 −0.002 0.001 −2.24 −0.003 0.003

Gap (1): older rural-to-urban migrant workers and older rural dwellers; Gap (2): older rural-to-urban migrant workers and older urban residents; CI Confidence
interval; * p < 0.05, *** p < 0.001
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status, which is favorable for improving depressive
symptoms. By contrast, in line with some findings [49],
the disadvantage of depressive symptoms in older rural-
to-urban migrant workers versus older urban residents
was founded in our study. Several reasons could partially
explain it as follows. First, older rural-to-urban migrant
workers without a city “hukou” faced substantial barriers
of entry to employment in some major industries and
corporations, and many of them were forced to accept
jobs with unfairness and low pay. Second, older rural-to-
urban migrant workers in cities were more likely to have
poor living conditions [50, 51], and be isolated in social
networks [52]. Unfortunately, although Chinese govern-
ment had taken different measures to help older rural-
to-urban migrant workers to settle down in cities, there
is very little attention paid to differences in depressive
symptoms of older rural-to-urban migrant workers and
older urban residents.
Our regression analyses further showed differentials in

correlates of depressive symptoms among older rural-to-
urban migrants, older rural dwellers and older urban
residents in mainland China. As highlighted by other re-
searchers, age, sleeping time, gender, ill in the last
month, chronic diseases, type of in-house shower, clear
in this house, social activity and region were key indica-
tors for depressive symptoms [53–55]. While no signifi-
cant associations between personal expenditure and
region were found. Self-reported health and sleeping
time exerted obvious impacts on depressive symptoms
among older rural-urban migrants and their urban and
rural counterparts. That was, the older groups who had
worse self-reported health and less sleeping time at night
were more likely to suffer from depressive symptoms. It
was suggested that different strategies should be
adopted, considering the heterogeneity of different older
groups.
Our results suggested that there were strong differ-

ences in depressive symptoms between older rural-
urban migrants verse urban and rural counterparts.
Depressive symptoms detrimental to older rural-urban
migrants was clearly observable here for both base
populations verse urban counterparts. It’s probably
because older rural-urban migrants had lower socio-
economic position, and poorer living conditions in
the city. However, their mental health advantage
stood out when they were compared with their rural
counterparts. Improved economic conditions experi-
enced by older rural-urban migrants might explain
their better mental health relative to their rural coun-
terparts. Though continuous progress has been made
in mental health services in mainland China, a huge
gap in depressive symptoms remained wide between
older rural-to-urban migrant workers and their
counterparts.

Our study provided convincing evidence that priority
should be given to improving depressive symptoms for
older rural-to-urban migrant workers. A large propor-
tion of the differences still cannot be explained by the
observed differences. On one hand, the differences
already seem to reveal that some discrimination was tak-
ing place, particularly the large gap between older rural-
to-urban migrant workers and older urban residents.
Owing to the unobservability of social policies and social
integration, we can’t estimate the influence of social pol-
icies and cultural factors in our study. It reminded us of
the need to reduce discrimination in policy setting and
social integration. On the other hand, although variables
had been included as many as possible in our study, our
study can’t include all factors that influence depression
caused by data limitations. Our study did not make a de-
tailed introduction about the unexplained part of the de-
composition in lines with other studies [56–58], because
the unexplained part was partly captured differences in
unmeasured characteristics, and it was sensitive to the
choice of left-out categories, making the results difficult
to interpret.
The most important contribution of our study did not

only evaluate risk factors for depressive symptoms
among older rural-to-urban migrant workers, older rural
dwellers and older urban residents, but also explored the
explanatory source of the differences in depressive
symptoms by Fairlie’s decomposition analysis. As many
studies had mentioned, the significance of sleep loss and
sleep deficiency were drivers of depressive symptoms
[59, 60], and our results further suggested that sleeping
time at night was important contributory factors for the
differences of depressive symptoms between older rural-
urban migrants verse urban and rural counterparts. Lon-
ger sleeping time can improve depressive symptoms as
observed in our study. Our study identified that sleeping
time at night decreased differences in depressive symp-
toms between older rural-urban migrants verse urban
and rural counterparts. Intervention programs on sleep
deprivation and depression should be activated by tar-
geting different groups.
Our study also reminded that type of in-house shower

was a key contributor to eliminate the potential differ-
ences in depressive symptoms between older rural-to-
urban migrant workers and older rural dwellers. Many
older rural dwellers can’t take a warm bath or shower,
because of the lack of hot bath facilities, so we stressed
the importance of mainland China’s rural residential
solar hot water heating system programs. Given that ill
in the last month and self-reported health appeared to
be important contributors for differences in depressive
symptoms between older rural-to-urban migrant
workers and older urban residents, it was suggested that
physical health was an important factor for depressive
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symptoms. Therefore, it is very essential to recognize
different risk-factor profiles of different older groups and
make different policy approaches on depressive
symptoms.
Although a substantial amount of evidence had inves-

tigated associations between economy status and depres-
sive symptoms [61, 62], our result found that no
statistically significant differences in depressive symp-
toms were identified in living expenses. It may be due to
the fact that older population in mainland China often
gave their money to their left-behind family members, or
they accumulated money for later, instead of using
money to promote mental well-being. Our studies would
further assess the relationship between living expenses
and depressive symptoms.
Several limitations still required our attention. First,

because of the cross-sectional design of our study, our
study cannot provide causal inferences. We can get a
very small sample size if we matched the data from 2011
to 2015. Therefore, we didn’t use the panel data of
CHARLS. The aging of older rural-to-urban migrant
workers is a dynamic process, and a longitudinal study
using other data should be investigated in our future re-
search to emphasize causal relationships. Second, the
unexplained part from decomposition analysis still
accounted for a big percentage of total differences. This
unexplained part revealed that some discrimination was
taking place, and it may be due to the contribution by
unobserved variables such as social norms and culture.
More factors should be put into the model in our further
study, to warrant a better understanding of differences
in depressive symptoms. Third, older rural-to-urban mi-
grant workers were highly selected sample groups, and
small sample sizes meant that some estimates lacked
precision. Pooled estimates were used to address it; how-
ever, it may mask heterogeneity between groups. Al-
though CEM was more effective and convenient than
tendency score matching method, the poor representa-
tiveness of the study population still existed [63]. Finally,
we can’t identify urban-urban migrants and rural-rural
migrants in our analyses. More comprehensive studies
are warranted to explore these groups.

Conclusion
The comparative analysis showed that significant differ-
ences in depressive symptoms between older rural-urban
migrants verse urban and rural counterparts did exist.
Moreover, we also found that type of in-house shower,
sleeping time, ill in the last month and self-reported
health were key factors of differences in depressive
symptoms. Based on the contributing factors which may
result in the differences in depressive symptoms, more
efforts are urged to improve the mental health condition
of the older rural-urban migrants. Therefore, Chinese

government should adopt countermeasures to improve
depressive symptoms and narrow differences in depres-
sive symptoms to achieve a stable and sustainable
urbanization process.

Abbreviations
NBC: National Bureau of Statistics; CHARLS: China Health and Retirement
Longitudinal Study; PPS: Probability Proportional to Size; CEM: Coarsened
exact matching method; CES-D 10: Chinese version 10-item short form of
the Center for Epidemiologic Studies-Depression Scale; NCMS: New
cooperative medical insurance; hukou: Chinese household registration
system; WHO-5: World Health Organization Five-item Well-Being; SF-36: The
MOS item short from health survey; VIF: Variable inflation factors

Acknowledgments
We are grateful to the China Center for Economic Research at Beijing
University for providing us with the data, and we thank the CHARLS team to
make the data publicly available.

Authors’ contributions
WY, DL and JG jointly designed the study. WY managed the literature
review, conducted the analysis, and wrote the first draft. DL checked data
analysis and helped draft the manuscript. JZ and FL contributed to the
interpretation of results and helped to draft the manuscript. All authors
contributed to and have approved the final manuscript.

Funding
This study was supported by Shaanxi Provincial Health Research Fund, China
(No 2016E013). The funding body had no role in the design of the study and
collection, analysis, and interpretation of data, or write-up of the manuscript.

Availability of data and materials
CHARLS is a large-scale interdisciplinary survey project hosted by the Na-
tional Development Research Institute of Peking University. The datasets ana-
lysed during the current study are available in the CHARLS, [http://charls.pku.
edu.cn/en].

Ethics approval and consent to participate
The original CHARLS was approved by the Ethical Review Committee of
Peking University, and all participants signed informed consent at the time
of participation. The study methodology was carried out in accordance with
approved guidelines.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1Xi’an Jiaotong University Health Science Center, Xi’an, Shaanxi, PR China.
2Department of Public health, Central Hospital of Shangluo, Shangluo,
Shaanxi, PR China. 3School of Public Policy and Administration, Xi’an Jiaotong
University, Xi’an, Shaanxi, PR China. 4Department of Anesthesiology,
Northwest Women and children’s Hospital affiliated to Xi’an Jiaotong
University, Xi’an, Shaanxi, PR China. 5Department of Infectious Diseases,
Central Hospital of Shangluo, Xi’an, Shaanxi, PR China.

Received: 11 February 2020 Accepted: 11 August 2020

References
1. The National Bureau of Statistics 2015 Survey Report on rural-to-urban

migrants. Available online: http://www.stats.gov.cn/tjsj/zxfb/201604/t2016
0428_1349713.html. (9 Feb 2020, date last accessed).

2. Whiteford HA, Degenhardt L, Rehm J, et al. Global burden of disease
attributable to mental and substance use disorders:findings from the global
burden of disease study 2010. Lancet. 2013;382:1575–86.

3. Chen J. Internal migration and health: re-examining the healthy migrant
phenomenon in China. Soc Sci Med. 2011;72(8):1294–301.

Yang et al. BMC Public Health         (2020) 20:1442 Page 13 of 15

http://charls.pku.edu.cn/en
http://charls.pku.edu.cn/en
http://www.stats.gov.cn/tjsj/zxfb/201604/t20160428_1349713.html
http://www.stats.gov.cn/tjsj/zxfb/201604/t20160428_1349713.html


4. Zhong BL, Liu TB, Huang JX, Fung HH, et al. Acculturative stress of chinese
rural-to-urban migrant workers: a qualitative study. PLoS One. 2016;11(6):
e0157530.

5. Keung Wong D, Li C, Song H. Rural migrant workers in urban China: living a
marginalised life. Int J Soc Welf. 2010;16(1):32–40.

6. Liming L, Guanyang Z, Zhi Z, Lu H, Yan G, Li L, et al. Health-related quality
of life and its correlates among chinese migrants in small- and medium-
sized enterprises in two cities of Guangdong. PLoS ONE. 2014;9(1):e83315.

7. Fitzgerald S, Chen X, Qu H, Sheff M. Occupational injury among migrant
workers in China: a systematic review. Inj Prev. 2013;19:348–54.

8. Palloni A, Morenoff JD. Interpreting the paradoxical in the hispanic paradox:
demographic and epidemiologic approaches. Ann N Y Acad Sci. 2001;
954(1):140–74.

9. Hoi CK, Chen W, Zhou F, Sou K, Hall BJ. The association between social
resources and depressive symptoms among Chinese migrants and non-
migrants living in Guangzhou, China. J Pac Rim Psychol. 2015;9(2):120–9.

10. Zhong BL, Chan SSM, Liu TB, Jin D, Hu CY, Chiu HFK. Mental health of the
old- and new-generation migrant workers in china: who are at greater risk
for psychological distress? Oncotarget. 2017;8(35):59791–9.

11. Li J, Chang SS, Yip PS, Li J, Jordan LP, Tang Y, Zeng Q. Mental wellbeing
amongst younger and older migrant workers in comparison to their urban
counterparts in Guangzhou city, China: a cross-sectional study. BMC Public
Health. 2014;14(1):1280.

12. Peng D, Zhang W, Wang C. Analysis of mental health and influential factors of
migrant elderly——based on the survey of Nanjing. Popul Soc. 2017;33(04):23–
35.

13. Hu J, Ni Y, Li Q, Zhou X. Depression among elderly migrants in urban
Hangzhou:a cross-sectional study. Chin J Public Health. 2016;32(9):1144–8.

14. Li S, Yu G. A study on the relationship between social relations and mental
health of the elderly emigrants. Modern Prev Med. 2012;039013:3273–5.

15. Qiu J, Li X, Zhou S, Ma. The effect of migration on social capital and
depression among older adults in China. Soc Psychiatry Psychiatr Epidemiol.
2017;52(12):1513–22.

16. Li D, Zhou Z, Shen C, Zhang J, Yang W, Nawaz R. Health disparity between
the older rural-to-urban migrant workers and their rural counterparts in
China. Int J Environ Res Public Health. 2020;17:955.

17. Li X, Stanton B, Fang X, Xiong Q, Yu S, Lin D, Wang B. Mental health
symptoms among rural-to-urban migrants in China: a comparison with their
urban and rural counterparts. World Health Popul. 2009;11(1):24–38.

18. Zhong BL, Liu TB, Chiu HF, Chan SS, Hu CY, Hu XF, Caine ED. Prevalence of
psychological symptoms in contemporary Chinese rural-to-urban migrant
workers: an exploratory meta-analysis of observational studies using the
SCL-90-R. Soc Psychiatry Psychiatr Epidemiol. 2013;48(10):1569–81.

19. Min W, Chengrong D, Xiao Z. Mental health and social support mechanism
of senior migrant workers. Popul J. 2016;38(4):93–102.

20. McLeroy KR, et al. An ecological perspective on health promotion programs.
Health Educ Behav. 1988;15(4):351–77.

21. Miller KE, Rasmussen A. The mental health of civilians displaced by armed
conflict: an ecological model of refugee distress. Epidemiol Psychiatr Sci.
2016;26(12):129–38.

22. Tanhan A, Francisco VT. Muslims and mental health concerns: a social
ecological model perspective. J Community Psychol. 2019;47(4):964–78.

23. Campbell R, Dworkin E, Cabral G. An ecological model of the impact of
sexual assault on women's mental health. Trauma, Violence, Abuse. 2009;
10(3):225–46.

24. Windley PG, Scheidt RJ. An ecological model of mental health among
small-town rural elderly. J Gerontol. 1982;37(2):235–42.

25. Cappella E, Frazier SL, Atkins MS, Schoenwald SK, Glisson C. Enhancing
schools’ capacity to support children in poverty: an ecological model of
school-based mental health services. Admin Pol Ment Health. 2008;35(5):
395–409.

26. Zhao Y, Hu Y, Smith JP, Strauss JS, Yang G. Cohort profile: the China
health and retirement longitudinal study (CHARLS). Int J Epidemiol.
2014;43(1):61–8.

27. Zheng G. Changes and assessment of China's social security system. Beijing:
China Renmin University Press; 2002. p. 1–559.

28. Xu Y, Yang J, Gao J, Zhou Z, Zhang T, Ren J, et al. Decomposing
socioeconomic inequalities in depressive symptoms among the elderly in
China. BMC Public Health. 2016;16(1):1214.

29. Huang Q, Wang X, Chen. Reliability and validity of 10-item CES-D among
middle aged and older adults in China. Chin J Health Psychol. 2015;07:
1036–41.

30. Mueller JH. Mental disorders in urban areas. an ecological study of
schizophrenia and other psychoses. Am J Public Health Nations Health.
1939;50(9):1455.

31. Cassel T, K. D.. Using the social-ecological model as a research and
intervention framework to understand and mitigate obesogenic factors in
Samoan populations. Ethnicity Health. 2010;15(4):397–416.

32. Shimizu A. Development of an exercise mental health model based on
health action process approach and ecological model for japanese workers
in Tokyo area. Ssf Journal Sport Everyone. 2014;3:72–80.

33. Sun Yat-sen Center for Migrant Health Policy. The develop report on
migrant workers of China 2014, vol. 4. Beijing: China Population Press; 2014.

34. Green MA, Subramanian SV, Vickers D, Dorling D. Internal migration, area
effects and health: does where you move to impact upon your health? Soc
Sci Med. 2015;s129-138:27–34.

35. Su M, Zhou Z, Si Y, Wei X, Xu Y, Fan X, Chen G. Comparing the effects of
China’s three basic health insurance schemes on the equity of health-
related quality of life: using the method of coarsened exact matching.
Health Qual Life Outcomes. 2018;16(1):41.

36. Garfinkle R, Abou-Khalil J, Morin N, Ghitulescu G, Vasilevsky CA, Gordon P,
et al. Is there a role for oral antibiotic preparation alone before colorectal
surgery? Acs-nsqip analysis by coarsened exact matching. Dis Colon
Rectum. 2017;60(7):729–37.

37. Stuart EA. Matching methods for causal inference: a review and a look
forward. Stat Sci. 2010;25(1):1–21.

38. King G, Nielsen R, Coberley C, Pope JE, Wells A. Comparative Effectiveness
of Matching Methods for Causal Inference. Quantitative Issues in Cancer
Research Working Seminar, Boston, Harvard University. 2011. https://gking.
harvard.edu/files/pspara-hsphb.pdf.

39. Baldacci E, Guinsiu MT, De Mello LR. More on the effectiveness of public
spending on health care and education: a covariance structure model. J Int
Dev. 2003;15(6):709–25.

40. Iacus SM, King G, Porro G. Causal inference without balance checking:
coarsened exact matching. Polit Anal. 2012;20(1):1–24.

41. Ho DE, Imai K, King G, Stuart EA. Matching as nonparametric preprocessing
for reducing model dependence in parametric causal inference. Polit Anal.
2007;15(3):199–236.

42. Blackwell M, Iacus SM, King G, Porro G. Cem: coarsened exact matching in
Stata. Stata J. 2009;9(4):524–46.

43. Blinder AS. Wage discrimination—reduced form and structural estimates. J
Hum Resour. 1973;8:436–55.

44. Sen B. Using the Oaxaca–Blinder decomposition as an empirical tool to
analyze racial disparities in obesity. Obesity. 2014;22(7):1750–5.

45. Charasse-Pouélé C, Fournier M. Health differences between racial groups in
South Africa: a decomposition analysis. Soc Sci Med. 2006;62(11):2897–914.

46. Fairlie RW. An extension of the Blinder-Oaxaca decomposition technique to
Logit and Probit models. J Econ Soc Meas. 2005;30(4):305–16.

47. Fairlie WD, Moore AG, Bauskin AR, Russell PK, Zhang HP, Breit SN. MIC-1 is a
novel TGF-β superfamily cytokine associated with macrophage activation. J
Leukoc Biol. 1999;65(1):2–5.

48. Rubalcava LN, Teruel GM, Thomas D, Goldman N. The healthy migrant
effect: new findings from the Mexican family life survey. Am J Public Health.
2008;98(1):78–84.

49. Jin L, Wen M, Fan JX, Wang G. Trans-local ties, local ties and psychological
well-being among rural-to-urban migrants in Shanghai. Soc Sci Med. 2012;
75(2):288–96.

50. Papadopoulos I, Lees S, Lay M, Gebrehiwot A. Ethiopian refugees in the Uk:
migration, adaptation and settlement experiences and their relevance to
health. Ethn Health. 2004;9(1):55–73.

51. Wong DFK. The impacts of acculturative stress and social competence on
the mental health of mainland chinese immigrant youth in Hong Kong. Br J
Soc Work. 2004;34(7):1009–24.

52. Li L, Wang HM, Ye XJ, Jiang MM, Lou QY, Hesketh T. The mental health
status of chinese rural–urban migrant workers. Soc Psychiatry Psychiatr
Epidemiol. 2007;42(9):716–22.

53. Riemann D, Voderholzer U. Primary insomnia: a risk factor to develop
depression? J Affect Disord. 2003;76(1–3):255–9.

Yang et al. BMC Public Health         (2020) 20:1442 Page 14 of 15

https://gking.harvard.edu/files/pspara-hsphb.pdf
https://gking.harvard.edu/files/pspara-hsphb.pdf


54. Livingston G, Blizard B, Mann A. Does sleep disturbance predict depression
in elderly people? A study in inner London.[J]. Br J Gen Pract. 1993;43(376):
445.

55. Hashizume Y. The importance of sleep in the mental health. Nihon Rinsho
Jpn J Clin Med. 2014;72(2):341–6.

56. Jones FL. On decomposing the wage gap: a critical comment on Blinder's
method. J Hum Resour. 1983;18(1):126.

57. Cain GG. Chapter 13 the economic analysis of labor market discrimination: a
survey. Handbook Labor Econ. 1986;1:693–781.

58. Fairlie RW, Robb A. Gender differences in business performance: evidence
from the characteristics of business owners survey. Small Bus Econ. 2009;
33(4):375–95.

59. Lee M, Shin J, Lee J, Lee YJ, Kim M, Park KB, et al. The association between
mental health, chronic disease and sleep duration in Koreans: a cross-
sectional study. BMC Public Health. 2015;15(1):1200.

60. Carod-Artal FJ. Social Determinants of Mental Health. In: Global Mental
Health. 2017; 2017.

61. Zhan Y, Rao C, Xiao H, Xiaohui R, Zhan Y, Rao C. Analysis of the differences
in depressive symptoms and their influencing factors in urban and rural
elderly in China. Chin J Epidemiol. 2017;38(8):1088–93.

62. Chang-Quan H, Xue-Mei Z, Bi-Rong D, Zhen-Chan L, Ji-Rong Y, Qing-Xiu L.
Health status and risk for depression among the elderly: a meta-analysis of
published literature. Age Ageing. 2010;39(1):23–30.

63. Di Z, Bao L. Causal inference and coarsened exact matching in real-world
study. China J Pharmaceut Econ. 2019;14(10):38–42 + 46.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Yang et al. BMC Public Health         (2020) 20:1442 Page 15 of 15


	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Data
	Measurement
	Social-ecological model
	Coarsened exact matching method
	Decomposition method
	Statistical analysis

	Result
	Discussion
	Conclusion
	Abbreviations
	Acknowledgments
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

