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Abstract
There are limited studies investigating the relationship between exposure to  PM2.5 and the health status among the mobile 
population. A cross-sectional analysis was performed in a nationally representative sample (2017 China Migrants Dynamic 
Survey data) consisting of 169,469 mobile population. The ordered logistic regression model was used to examine the asso-
ciation between  PM2.5 and the health status in mobile population. Stratified analyses were performed to identify whether 
the association varied across gender, age group, and regions in China. Overall, every 10 μg/m3 increment in annual average 
 PM2.5 was associated with increased risk of poor self-reported health (OR = 1.021, 95% CI: 1.012–1.030). Mobile popula-
tion aged 31–49 years and living in the central region suffers the highest  PM2.5-associated health risk (OR = 1.030, 95% CI: 
1.019–1.042; OR = 1.095, 95% CI: 1.075–1.116). Our study suggests that  PM2.5 exposure was associated with an increased 
risk of poor self-reported health in mobile population, particularly among the population aged 31–49 years and people liv-
ing in the central region of China. Policymakers should pay more attention to the vulnerable mobile population to tackle the 
health burden of ambient air pollution.
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Introduction

Ambient air pollution has aroused extensive public concern 
due to its adverse impacts on health (Han et al. 2021a, b, 
c). Among all ambient air pollutants, fine particulate matter 
 (PM2.5, airborne particles less than or equal to 2.5 μm in 

aerodynamic diameter) is one of the most important pol-
lutants that harm public health and has the highest expo-
sure risk (Han et al. 2021a, b, c). In recent years, numerous 
epidemiological studies have demonstrated that long-term 
exposure to  PM2.5 is closely related to the health status of 
residents (Yang et al. 2020, Han et al. 2021a, b, c). In addi-
tion, long-term or short-term exposure to ambient air pollu-
tion may lead to depression and anxiety; particularly,  PM2.5 
exposure was found with stronger associations with depres-
sion and anxiety (Kioumourtzoglou et al. 2017). Research 
shows that exposure to ambient air pollution contributed to 
an estimated 4.2 million deaths in 2015, of which 3.5 million 
were caused by exposure to fine particulate matter  (PM2.5) 
(Thomson et al. 2020). It has been validated through vari-
ous studies that exposure to  PM2.5 pollution increases the 
risks of cardiovascular diseases (CVD), respiratory diseases, 
neurological diseases, and cancers (Yang et al. 2022) and has 
been regarded as one of the leading risk factors for disease 
burden (Han et al. 2021a, b, c). It is estimated that  PM2.5 
caused 4 million deaths worldwide and 142 million disabil-
ity-adjusted life years (DALY) in 2017 (Bu et al. 2021) and 
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has been identified as a primary pollution prevention goal 
by most countries.

Self-reported health (SRH) refers to a single-item health 
measurement in which individuals assess their health sta-
tus according to a four or five-point scale from excellent to 
poor (Wu et al. 2013). Self-reported health is a subjective 
measurement method combining biological, psychological, 
social, and functional aspects, and they have been found 
to fully and objectively reflect physical and mental health, 
chronic diseases, and physical functioning (Lin et al. 2020), 
so it can represent the overall health level of the mobile 
population. The results of self-reported health can provide 
effective reference for healthy people and decision-making 
institutions. There are a few studies about the association 
between  PM2.5 and SRH. There is a study using the logis-
tic regression model to evaluate the association between air 
pollution and mental health and SRH in Belgium (Hautekiet 
et al. 2022). A nationwide longitudinal cohort study showed 
that long-term exposure to air pollution had significant nega-
tive effects on SRH in middle-aged and older adults, and the 
other longitudinal study cohort also showed that the SRH 
index decreases with the increase of outdoor  PM2.5 (Gold-
berg et al. 2014; Ju et al. 2022). In addition, some research-
ers have conducted analyses focusing on the relationship 
between  NO2 and SRH and the relationship between  PM2.5 
and health status based on data of the UK Biobank (Mutz 
et al. 2021).

The mobile population is a very important component 
in China, which is defined by the authority as people who 
choose to stay in the place temporarily for work, life, and 
other reasons but have not registered there, excluding indi-
viduals in cities (Cai et al. 2019; Zhou et al. 2019). Accord-
ing to the data of the National Bureau of Statistics, China’s 
urbanization rate rises from 17.92% in 1978 to 63.89% in 
2020. At the same time, the scale of mobile population has 
reached 376 million, which is expected to continue to show 
an upward trend in the future and will exist as a special 
group for a long time (Cai et al. 2019; Song et al. 2022). The 
mobile population in China is similar to that in other coun-
tries, which are often called “migrant workers” (Slesinger 
1992). It has been widely recognized in a series of previous 
studies that this group is usually young, of lower socioeco-
nomic status, with often poor working conditions; thus, the 
mobile population is disadvantageous in health (Naing et al. 
2012, Simkhada et al. 2017). There is necessity of further 
improving health status in the mobile population.

To our best knowledge, there is limited evidence on the 
association between  PM2.5 and the SRH in Chinese mobile 
population. Therefore, the study aims to evaluate the rela-
tionship between  PM2.5 exposure and SRH in the mobile 
population in China, especially exploring the association 
across different subgroups and identifying the susceptible 
population.

Methods

Data sources

The 2017 China Migrants Dynamic Survey (CMDS) data 
published by the China Migration Population Service 
Center was used in the study (https:// www. china ldrk. org. 
cn). According to the random principle, the data was sam-
pled using stratified, multistage, and scale proportional prob-
ability sampling (PPS) method. Questionnaires were used 
to complete a sample survey of the mobile population in 31 
provinces and Xinjiang production and Construction Corps 
in China. The survey data covers the demographic character-
istics, family status, settlement intentions, health, and social 
integration of the mobile population aged 15 and above who 
has lived in the inflow place for one month or more and 
is not registered in this district (county or city). In 2017, 
there were 169,989 valid samples of the mobile population. 
After removing the samples with missing  PM2.5 exposure 
assessment data, 169,469 mobile persons (about 99.69%) 
of 338 cities were retained. The GDP per capita (PGDP) 
data in 2017 were collected from the Statistical Yearbook 
and the Statistical Bulletin of National Economic and Social 
Development of each city. Meteorological data used in the 
article (including annual average temperature and annual 
average relative humidity) were collected from the China 
Meteorological Data Sharing Service System (http:// data. 
cma. gov. cn).

Measures

Self‑reported health

In this study, we set “how is your health status” in the 2017 
China Migrants Dynamic Survey data as the outcome vari-
able, which is used to represent the general evaluation of 
the mobile population on their own health status. In order 
to truly and accurately reflect the SRH in mobile population, 
the classification and serial number of original code (includ-
ing excellent or very good = 1, good = 2, fair or poor = 3, 
and unable to function independently = 4) were retained in 
the study.

PM2.5 exposure assessment

The spatiotemporal model based on satellite remote sens-
ing, meteorological data, emission inventories, and land use 
information (Geng et al. 2021) was used to estimate ground-
level  PM2.5 concentrations at 0.1° × 0.1° (approximately 
10 km × 10 km) spatial resolution from 2015 to 2017 (Han 
et al. 2022). We used the average value weighted by the 
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population density of all grids within the city boundary to 
represent the  PM2.5 concentration of each city (Renzi et al. 
2019). We obtained the population density with a spatial 
resolution of 0.1° × 0.1° from the world gridded population 
(Brauer et al. 2015; CIESIN 2018). Finally, we averaged 
each city’s  PM2.5 daily data of China to the annual average. 
In addition, we also obtained the annual average concentra-
tions of  O3 and  NO2 in 2017 from the widely used gridded 
dataset by the same method (Geddes et al. 2016). Similarly, 
we also averaged the daily data to annual average.

Covariates

The factors affecting the health status of mobile population 
include demographic characteristics (age, gender, marital 
status, residential regions, and chronic diseases), socioeco-
nomic factors (PGDP, education levels), and other environ-
mental factors (temperature, relative humidity). In order to 
facilitate statistical analysis, some variables are remerged, 
grouped, and described. Among them, the education levels 
were divided into four categories (including primary and 
below, junior school, senior school/secondary specialized 
school, and college and above) in this study. The original 
marital status was divided into married and unmarried and 
others, according to whether there is a spouse. According 
to the 2017 China Migrants Dynamic Survey data, “are you 
suffering from hypertension or type II diabetes diagnosed 
by doctors” to respond to chronic diseases, and to facilitate 
statistics, the original categories were merged into none, 
hypertension/diabetes, hypertension, and diabetes. Accord-
ing to the existing research classification (Wang et al. 2012; 
Zhang et al. 2019), we divided China into three economic 
regions (eastern, central, and western regions). The specific 
classification results are shown in Fig. S1 and Table S1.

Statistical analysis

The demographic data,  PM2.5,  NO2,  O3, temperature, rela-
tive humidity, and other related meteorological data were 
described by statistical charts and tables, and the factors 
were described as mean, median, standard deviation (SD), 
quartiles, and percentage. Spearman correlation was applied 
to assess the association between  PM2.5,  NO2,  O3, meteoro-
logical factors, and demographic variables. Ordered logis-
tic regression model was used to examine the association 
between  PM2.5 and the health status of the mobile popula-
tion after adjusting for the effects of temperature, relative 
humidity, and demographic variables. The effect of  PM2.5 
exposure on the risk of health was expressed by odds ratio 
(OR) and the 95% confidence interval (CI). Stratified analy-
ses were performed to examine whether associations varied 
across gender, age, and region subgroups. Binary logistic 
regression model was also used to examine the association 

between  PM2.5 and poor SRH as a dichotomous variable. 
Spatial distribution characteristics of  PM2.5 concentration 
and health status of the mobile population were conducted 
with ArcGIS (version 10.8), and all data analyses were con-
ducted with R software (version 4.1.3).

In the study, we set SRH as the dependent variable, and 
independent variable information was gathered on  PM2.5, 
temperature, relative humidity, gender, age, PGDP, educa-
tion levels, marital status, chronic diseases, and residential 
regions. The ordered logistic regression model is as the fol-
lowing three equations:

In the three equations, the dependent variable we study 
has four levels, so �1,�2,�3, and�4 are the probability of the 
corresponding value level, �1 , �1 + �2 , and �1 + �2 + �3 are 
the cumulative probabilities of the ordered value levels of 
dependent variable, P is the number of independent vari-
ables, � represents the constant term, and �〉 represents the 
regression coefficients of their respective variables. In fact, 
this model divides the dependent variable into two levels 
according to different value levels and establishes a logistic 
regression model with the dependent variable as two catego-
ries for these two levels. No matter where the division point 
of the dependent variable in the model is, the coefficients of 
the respective variables in the model remain unchanged, and 
what is changed is only a constant term, which is one of the 
preconditions for fitting the cumulative logit model (Asare 
and Mensah 2020; Singh et al. 2020). Table S2 shows all 
categories of each variable included in the regression model.

Results

Descriptive statistics

Among the 169,469 mobile population we studied, the num-
ber of excellent or very good and good people accounted for 
97.3%. The number of males was 87,600 (51.7%), and the 
number of females was 81,869 (48.3%). For education lev-
els, 43.6% of the floating population attained junior school 
education, 22.0% of the floating population attained senior 
school/secondary specialized school education, and 17.4% 
of the floating population attained college and above educa-
tion. 34.8%, 21.5%, and 43.7% of the floating population 
live in the western, central, and eastern regions, respectively. 
82.0% of the floating population were married. In addition, 
the proportion of floating population without hypertension 
and diabetes was 94.6% (Table 1).

Logit
�1

1−�1
= Logit

�1

�2+�3+�4
= −�1 + �1X1+⋯ + �pXp

Logit
�1+�2

1−(�1+�2)
= Logit

�1+�2

�3+�4
= −�2 + �1X1+⋯ + �pXp

Logit
�1+�2+�3

1−(�1+�2+�3)
= Logit

�1+�2+�3

�4
= −�3 + �1X1+⋯ + �pXp
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The demographic baseline characteristics,  PM2.5,  NO2, 
 O3, and meteorological data of the mobile population are 
summarized in Table 2. The mean  PM2.5 concentration from 
2015 to 2017 was 51.81 μg/m3, 47.33 μg/m3, and 44.72 μg/
m3, respectively. The mean concentration of  NO2 was 
35.70 ± 10.99 μg/m3 (range: 8.55–58.89 μg/m3). The mean 
value of  O3 was 62.78 μg/m3, ranging from 37.50 μg/m3 to 
104.43 μg/m3. The average temperature in 2015 and 2016 
was 14.04 °C and 14.13 °C, and the average relative humid-
ity in 2015 and 2016 was 67.51% and 67.95%, respectively. 
Temperature and relative humidity were from − 5.03 °C, 
33.16% to 24.98 °C, 83.21%, respectively, in 2017. Among 
the mobile population, the maximum, minimum, and mean 
age were 96, 15, and 36.65 years old. The maximum value 
of PGDP was 358.8 thousand yuan (53,155.6 US dollars) 
per year, and the minimum value was 10.2 thousand yuan 
(1511.1 US dollars) per year. The average PGDP was 96.8 
thousand yuan (14,340.7 US dollars) per year. The average 
residence time of the mobile population in the inflow area 
was 75.57 months, ranging from 2 to 827 months.

Spatial distribution of  PM2.5 concentration 
and health status of the mobile population

There were obvious differences in the health status of the 
mobile population in different regions. The higher the health 
score means the worse the health status of the mobile popu-
lation in this region. The western region was ranked first 
in terms of poor SRH, followed by the central region. The 

health status of the mobile population in the eastern region 
was relatively good, especially in Beijing, Shanghai, Jiangsu, 
Guangdong, etc. The average annual  PM2.5 exposure ranged 
from 7.05 μg/m3 to 99.81 μg/m3 with large regional differ-
ences among the provinces and cities in China in 2017. In 
terms of spatial distribution patterns, the average value of 
 PM2.5 exposure concentration (50.31 μg/m3) in the central 
region is relatively higher than that in the eastern (45.22 μg/
m3) and western regions (40.63 μg/m3), and the air pollution 
is relatively severe (Figs. 1 and 2).

Association between  PM2.5 and SRH in the mobile 
population

The Spearman correlation analysis showed that  PM2.5 was 
negatively correlated with  O3, temperature, and relative 
humidity ( P < 0.01 ) and positively correlated with  NO2 and 
PGDP ( P < 0.01 ).  NO2 was negatively correlated with  O3, 
temperature, and relative humidity ( P < 0.01 ) and positively 
correlated with PGDP ( P < 0.01 ).  O3 was negatively corre-
lated with temperature and relative humidity ( P < 0.01 ) and 
positively correlated with PGDP ( P < 0.01 ). Temperature 
was positively correlated with relative humidity and PGDP 
( P < 0.01 ) (Table S3).

We used rank sum test to analyze the factors affecting 
the SRH of the mobile population. The results showed that 
 PM2.5, temperature, relative humidity, gender, age, PGDP, 
education levels, marital status, and residential regions were 

Table 1  Descriptive statistics 
for baseline characteristics of 
the mobile population

a Self-reported health

Variable Content N %

SRHa Excellent or very good 139,302 82.2
Good 25,596 15.1
Fair or poor 4406 2.6
Unable to function independently 165 0.1

Gender Male 87,600 51.7
Female 81,869 48.3

Education Primary and below 28,815 17.0
Junior school 73,952 43.6
Senior school/secondary specialized school 37,159 22.0
College and above 29,543 17.4

Region Western 58,995 34.8
Central 36,479 21.5
Eastern 73,995 43.7

Marital status Married 139,045 82.0
Unmarried and others 30,424 18.0

Chronic diseases None 160,243 94.6
Hypertension/diabetes 8321 4.9
Hypertension and diabetes 905 0.5

Total 169,469 100.0
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Table 2  Baseline characteristics 
of mobile population,  PM2.5, 
 NO2,  O3, and meteorological 
factors

PGDP were transferred from CNY to USD using the average exchange rate of 6.75 in 2017
a Maximum
b Minimum
c Standard deviation
d 50th percentile
e 25th percentile
f 75th percentile
g Temperature
h Relative humidity
i GDP per capita

Variable Maxa Minb Mean SDc P50
d P25

e P75
f

PM2.5 (μg/m3)
  2015 110.63 8.84 51.81 20.65 49.95 36.71 62.63
  2016 96.59 7.92 47.33 18.40 44.56 34.61 54.72
  2017 99.81 7.05 44.72 17.65 43.05 32.19 52.88

NO2 (μg/m3) 58.89 8.55 35.70 10.99 37.99 27.43 44.66
O3 (μg/m3) 104.43 37.50 62.78 9.76 62.71 56.59 68.72
Temg (°C)

  2015 24.93 −4.70 14.04 6.01 15.65 10.04 17.49
  2016 24.68 −4.8314.13 6.00 15.63 9.80 18.00
  2017 24.98 −5.0314.20 5.97 15.55 10.07 17.98

Humh (%)
  2015 82.24 35.29 67.51 11.35 73.31 57.01 77.10
  2016 83.83 35.88 67.95 11.45 73.07 57.81 77.61
  2017 83.21 33.16 65.83 11.65 70.92 55.1 75.62

Age (years) 96.00 15.00 36.65 11.07 35.00 28.00 44.00
PGDPi (ten thousand yuan) 35.88 1.02 9.68 6.00 8.10 5.73 12.91
Residence time (months) 827.00 2.00 75.57 72.67 53.00 21.00 108.00

Fig. 1  Health status of mobile 
population in China in 2017. 
Note: SRH, self-reported health
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statistically significant SRH-affected factors ( P < 0.05 ) 
(Tables S4 and  S5).

The factors affecting the SRH of mobile population 
obtained by single factor analysis were analyzed further by 
ordered logistic regression. It was found that  PM2.5, tempera-
ture, gender, age, PGDP, education levels, marital status, and 
residential regions were statistically significant ( P < 0.05 ). 
It was found that every 10 μg/m3 increment in annual aver-
age  PM2.5 was associated with increased risk of poor SRH 
(OR = 1.021, 95% CI: 1.012–1.030). The risk of poor SRH 
of the mobile population living at or below 10 °C was 0.904 
times (95% CI: 0.852–0.959) than that of living at or above 
20 °C. The mobile population living at 10 °C–20 °C was 
0.746 times (95% CI: 0.714–0.780) more likely to suffer 
poor SRH that of living at or above 20 °C. The risk of poor 
SRH of the mobile population living in 40%–60% humid-
ity was 0.942 times (95% CI: 0.906–0.978) that of living 
in more than 60%. Mobile population of female, older age, 
lower PGDP, lower education level, unmarried and others, 
living in the central region is more vulnerable compared 
with other groups. Please see Table 3 for details.

Stratified analyses

Gender stratification analysis showed that the risk of poor 
SRH in male and female mobile population increased to 
1.021 times (95% CI: 1.009–1.034) and 1.020 times (95% 
CI: 1.008–1.033) compared with the original for every 
10 μg/m3 increment in annual average  PM2.5. The results 
also showed that the association between  PM2.5 and SRH 
was statistically significant, but there was no significant 

difference in the impact of  PM2.5 on SRH between males 
and females. The results of the age-stratified analysis showed 
that the association between  PM2.5 and SRH was statisti-
cally significant in the population aged 31–49. It was found 
that every 10 μg/m3 increment in annual average  PM2.5 was 
associated with increased risk of poor SRH (OR = 1.030, 
95% CI: 1.019–1.042). For the residential region stratifica-
tion, the association between  PM2.5 and SRH in the central 
and eastern regions was statistically significant, and the 
mobile population living in the central region suffers the 
highest  PM2.5-associated health risk (OR = 1.095, 95% CI: 
1.075–1.116). In addition, the differences between age and 
regional levels were statistically significant (Fig. 3).

Sensitivity analyses

To verify the practical significance of the impact of  PM2.5 
on the poor SRH of the mobile population, our study 
conducted several sensitivity analyses. First, to test the 
potential lag effects, we replaced the annual average  PM2.5 
data and meteorological data (including temperature and 
relative humidity) of the current year by using the data of 
1–2 years before (with a 1-year lag and 2-year lag) based 
on the original model after removing the mobile popula-
tion of residence time less than 24 months. The association 
between  PM2.5 and poor SRH was robust to sensitivity 
analyses conducted. Second,  NO2 and  O3 were incor-
porated into the primary model, respectively; the same 
ordered logistic regression was performed to check the 
differences between sensitivity models and the primary 
model; the results showed that the risk effect of  PM2.5 on 

Fig. 2  Spatial distribution 
characteristics of  PM2.5 (μg/m3) 
concentration in China in 2017
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poor SRH of the mobile population was still statistically 
significant in sensitivity models. Third, we included the 
residence time of the mobile population in the inflow area 
in the primary model to test its impact on  PM2.5 exposure; 
the results showed that the  PM2.5 risk effects of sensitivity 

analysis are close to the results from the primary model, 
indicating that the primary model fits well and stable 
(Table S6). Fourth, binary logistic regression model was 
also conducted and found similar results to the primary 
model (Table S7).

Table 3  Results of the mixed 
effects ordered logistic 
regression

a Temperature
b Relative humidity
c GDP per capita
d Odds ratio
e Confidence interval

Variable ORd 95%  CIe p-value

PM2.5 (10 μg/m3) 1.021 (1.012, 1.030) < 0.0001
≤ 10 °C 0.904 (0.852, 0.959) 0.001

Tema 10 ~ 20 °C 0.746 (0.714, 0.780) < 0.0001
≥ 20 °C (reference)
≤ 40 % 0.869 (0.719, 1.051) 0.149

Humb 40 ~ 60 % 0.942 (0.906, 0.978) 0.002
≥ 60 % (reference)

Gender Male 0.761 (0.741, 0.781) < 0.0001
Female (reference)

Age (Years) 1.064 (1.063, 1.066) < 0.0001
PGDPc (Ten thousand yuan) 0.993 (0.990, 0.996) < 0.0001
Education Primary and below

Junior school
Senior school/secondary specialized school 0.857 (0.844, 0.870) < 0.0001
College and above

Marital Status Married 0.907 (0.872, 0.943) < 0.0001
Unmarried and others (reference)

Region Western 1.282 (1.233, 1.333) < 0.0001
Central 1.499 (1.438, 1.563) < 0.0001
Eastern (reference)

Chronic Dis-
eases

None 1.041 (0.870, 1.246) 0.660
Hypertension/diabetes 1.072 (0.888, 1.295) 0.467
Hypertension and diabetes (reference)

Fig. 3  Results of stratified 
analyses across gender, age, 
and region groups Note: OR, 
odds ratio, value corresponding 
to every 10 μg/m3 increment 
in annual average  PM2.5; CI, 
confidence interval
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Discussion

This study evaluated the association between  PM2.5 and 
SRH in the mobile population in China, using a nation-
ally representative dataset. The principal findings revealed 
that the concentration of  PM2.5 had a negative impact on 
the health status in the mobile population. Every 10 μg/
m3 increment in annual average  PM2.5 was associated 
with increased risk of poor SRH (OR = 1.021, 95% CI: 
1.012–1.030).

There is limited evidence on the association between 
 PM2.5 and the health status in the mobile population in 
China. There is only some relevant research about the 
association between  PM2.5 and SRH based on general pop-
ulation. Although the degree of effects of  PM2.5 on SRH is 
different across previous studies, the correlation directions 
are consistent. A national longitudinal cohort study (Ju 
et al. 2022) used the SRH score as the outcome variable 
and showed that the coefficient of  PM2.5 is 0.060 based 
on the probit model analysis (0 = self-reported healthy, 
1 = self-reported unhealthy), showing that the  PM2.5 con-
centration is positively associated with the subject’s SRH 
condition score (the higher the score, the worse the SRH 
condition), which suggests that long-term exposure to air 
pollution had significant negative effects on SRH in mid-
dle-aged and older adults. Another study used the logistic 
regression model to evaluate the association between air 
pollution and mental health and SRH based on Belgium, 
and the answer categories of the SRH were dichotomized 
into good SRH and poor SRH. The results showed that 
every 3.8  μg/m3 (an interquartile range) increment in 
 PM2.5 was associated with increased risk of poor SRH 
(OR = 1.20, 95% CI: 1.09–1.32) (Hautekiet et al. 2022). 
We conducted a sensitivity analysis using the binary logis-
tic regression model, and the results showed that the effect 
value of  PM2.5 on SRH in our study was slightly lower 
(OR = 1.02, 95% CI: 1.01–1.03) (Table S7). In addition, 
the study (Mutz et al. 2021) based on the analysis of UK 
Biobank showed that higher  PM2.5 concentration was 
associated with lower odds of favorable SRH (OR = 0.97, 
99.9% CI 0.94–0.99). Furthermore, a research based on a 
longitudinal study cohort showed that the SRH decreases 
with the increase of outdoor  PM2.5 (Goldberg et al. 2014). 
The correlation directions of all the above results are con-
sistent with our research.

In terms of stratified analyses, we found that there was 
no significant difference in the impact of  PM2.5 on SRH 
between males and females, and the mobile population 
aged 31–49 years and living in the central region suffered 
the highest  PM2.5-associated risk (OR = 1.030, 95% CI: 
1.019–1.042; OR = 1.095, 95% CI: 1.075–1.116). For gen-
der stratification analysis, a nationwide cohort study of 

30,524 adults showed that males are more likely to suf-
fer higher  PM2.5-associated health risks (Liu et al. 2021). 
In addition, another cohort study also suggested that the 
adverse effects of  PM2.5 are larger among males (Liu et al. 
2022). There was no significant difference in the impact 
of  PM2.5 on SRH between males and females in our study, 
which may be due to the similar working environment 
between males and females in the mobile population. In 
this case, there is little difference in  PM2.5-related health 
effects between males and females. Considering age-strat-
ified analysis, it has been widely recognized in a series of 
studies that the mobile population is usually a younger 
group aged 31–49, of lower education, with often poor 
working conditions (Naing et al. 2012; Simkhada et al. 
2017). Similarly, we also found that the proportion of 
mobile population aged 31–49 and with junior school 
education is relatively high (about 52.9% and 43.6%). 
Furthermore, the lower educated people usually engage 
in the occupation more associated with higher pollution 
exposure due to their working environment, which may 
increase their sensitivity to air pollution (Han et al. 2021a, 
b, c). This group of populations may be with low level 
of health knowledge to prevent and address air pollution-
related diseases, so they are more likely to suffer higher 
 PM2.5-associated health risks. Thus, special attention and 
tailored interventions should be given to the most vulner-
able population aged 31–49 years with low education.

Regarding the residential regions, we found that 
mobile population in the central region suffered the high-
est  PM2.5-SRH risk than other regions. This is consistent 
with several studies that the highest-impacted regions were 
concentrated in the central district (Song et al. 2017; Yang 
et al. 2018; Xu et al. 2019). Previous studies from our team 
showed that an inverted U-shaped relationship between 
 PM2.5 concentration and PGDP (urbanization) existed in 
China (Han et al. 2022). This means that the central region, 
which is more developed (PGDP and urbanization) than the 
west but less developed than the east, suffers the highest 
 PM2.5-associated health risk. Moreover, the central region 
(50.31 μg/m3) had a higher  PM2.5 exposure concentration 
than the eastern (45.22 μg/m3) and western (40.63 μg/m3) 
regions in 2017. An explanation for the protective effect 
of the eastern region may be that the eastern has a higher 
economic level and better health resources and services, 
which can effectively reduce the negative effect of  PM2.5 on 
individuals’ health (Xiong et al. 2022). Thus, the relevant 
government departments should strengthen the prevention 
and control of  PM2.5 in the central region, to reduce the 
 PM2.5-associated health burden of the mobile population.

For demographic factors, the effects of gender, age, 
PGDP, residential regions, marital status, and education lev-
els on the SRH in mobile population were statistically sig-
nificant (P < 0.05), which is consistent with several studies 
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(Moriconi and Nadeau 2015; Zhang et al. 2021). In terms 
of marital status, the family structure of married mobile 
population is complete; through family cooperation and 
family unity, they can better resist external risks and mental 
pressure when encountering difficulties (Fu et al. 2021). In 
addition, some studies reported that individuals who were 
widowed experience worse health than those whose spouse 
were still alive. They experienced the effects of bereavement, 
which had a negative impact on their health (Fu et al. 2021, 
Zhang et al. 2021). Therefore, the health status of married 
mobile population is better than that of unmarried and oth-
ers. Generally, we usually use education and PGDP to repre-
sent a person’s socioeconomic status (Han et al. 2021a, b, c). 
Compared with people with high socioeconomic status, peo-
ple with low socioeconomic status usually are more sensitive 
to poor SRH (Bor et al. 2017; Heggebø et al. 2019). A rea-
sonable explanation for this phenomenon may be that mobile 
population with low socioeconomic status usually has poor 
working environment with low income and lacks knowledge 
to prevent and solve health-related issues (Han et al. 2021a, 
b, c). Therefore, the relevant government departments pro-
vide some policy support for the mobile population regis-
tered residence and school problems and give some policy 
care to their work and life, so as to improve the quality of 
life of mobile population to the greatest extent.

The present study has several strengths. Firstly, to the best 
of our knowledge, there is limited evidence on the associa-
tion between  PM2.5 and the health status in the mobile popu-
lation in China. Therefore, our research can add more knowl-
edge for future studies on health-related risk assessment of 
the mobile population. Secondly, the nationally representa-
tive data of the 2017 China Migrants Dynamic Survey has 
used the study; thus, the results are expected to be statisti-
cally robust and stable because of our large sample. Finally, 
our study estimated that the population aged 31–49 and the 
people living in central China had a stronger association 
between  PM2.5 and poor SRH, which is highly significant for 
the policymakers to formulate the targeted preventive meas-
ures to reduce the health burden of the mobile population.

There are also several limitations. Firstly, our study can-
not establish a cause-effect relationship between exposure 
to  PM2.5 and the health status among the mobile population 
due to the cross-sectional study design. Secondly, the SRH 
belongs to the subjective judgment of the mobile population, 
and the use of the self-reported measurement would exist 
recall bias. We could not analyze some other individual-
level confounding factors (such as income status and physi-
cal activity) due to the data being limited. Thirdly, ambient 
 PM2.5 concentration at the city level in the study was used 
as an exposure estimate, and the indoor air quality and mete-
orological conditions were not taken into account due to lim-
ited data, which may reduce the correlation between  PM2.5 
and the health status of the mobile population. In addition, 

it is difficult to track the original residence information of 
the mobile population, so we did not further analyze the 
potential impact of their  PM2.5 exposure before inflow here. 
However, although there is also limitation only focusing on 
the static exposure at the city level in annual average expo-
sure compared with the local residents, it could not be big as 
the mobile population in this paper has lived in the district 
for 75.57 months averagely, ranging from 2 to 827 months.

Conclusions

The  PM2.5 exposure is associated with increased risk of 
poor SRH of the mobile population, particularly among 
the population aged 31–49 years and the people living in 
central China. Our findings suggest that special attention 
and tailored interventions should be given to the vulnerable 
population, which includes the middle-aged population and 
the people living in central China, to assist them to tackle 
the health burden of ambient air pollution.
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