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ABSTRACT

Long-term exposure to air pollution and systemic inflammation are associated with increased prevalence of
metabolic syndrome (MetS); however, their joint effects in Chinese middle-aged and older adults is unknown. In
this cross-sectional study, 11,838 residents aged 45 years and older from the China Health and Retirement
Longitudinal Study (CHARLS) Wave 3 in 2015 were included. MetS was diagnosed using the Joint Interim So-
cieties’ definition. C-Reactive Protein (CRP) was assessed to reflect systemic inflammation. Individual exposure
to air pollutants (particulate matter with a diameter <2.5 pm (PM35) or < 10 pm (PM;), sulfur dioxide (SO3),
nitrogen dioxide (NO3), ozone (O3), and carbon monoxide (CO)) was evaluated using satellite-based spatio-
temporal models according to participant residence at county-level. Generalized linear models (GLMs) were
applied to examine the association between air pollution and MetS, and the modification effects of CRP between
air pollution and MetS were estimated using interaction terms of CRP and air pollutants in the GLM models. The
prevalence of MetS was 32.37%. The adjusted odd ratio (OR) of MetS was 1.192 (95% confidence interval (CI):
1.116, 1.272), 1.177 (95% CI: 1.103, 1.255), 1.158 (95% CI: 1.072, 1.252), 1.303 (95% CI: 1.211,1.403), 1.107
(95% CI: 1.046, 1.171) and 1.156 (95% CI:1.083, 1.234), per inter-quartile range increase in PMy 5 (24.04 pg/
m>), PMyg (39.00 pg/m>), SO, (19.05 pg/m>), NO, (11.28 pg/m>), O3 (9.51 pg/m®) and CO (0.46 mg/m®),
respectively. CRP was also associated with increased prevalence of MetS (OR = 1.049, 95% CI: 1.035, 1.064; per
1.90 mg/L increase in CRP). Interaction analysis suggested that high CRP levels enhanced the association be-
tween air pollution exposure and MetS. Long-term exposure to air pollution is associated with increased prev-
alence of MetS, which might be enhanced by systemic inflammation. Given the rapidly aging society and heavy
burden of MetS, measures should be taken to improve air quality and reduce systemic inflammation.

1. Introduction

major public health challenge worldwide. The prevalence of MetS is
about 20-25% globally and the prevalence has continued to rise in

Metabolic syndrome (MetS) is defined as a cluster of metabolic dis- recent years (O’Neill and O’Driscoll, 2015; Pucci et al., 2017). While
orders, including abdominal obesity, dyslipidemia, hypertension, and genetic defects, low physical activity, and an unhealthy diet have been
diabetes (Alberti et al., 2005; Cornier et al., 2008), which has become a well-demonstrated as crucial risk factors for MetS (Wang et al., 2022;
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Yang et al., 2020), other hazardous factors, such as air pollutants might
also induce MetS (Wang et al., 2022; Zang et al., 2021).

Exposure to ambient air pollution is the most common environ-
mental risk factor for MetS-related diseases, including hypertension,
diabetes, obesity, and dyslipidemia (Li et al., 2020; Liu et al., 2019b;
Mao et al., 2020a; Niu et al., 2022a, 2022b). However, evidence on the
long-term effects of exposure to air pollution on MetS is limited (Hou
et al., 2020; Wang et al., 2022). A recent meta-analysis of nine studies
found no significant association between air pollution (particulate
matter with a diameter <2.5 pm or 10 pm in diameter, PMy 5, PM;;
nitrogen dioxide, NO) and MetS (Zang et al., 2021). A recent study in
China found that higher PM3 5, PM;, and ozone (O3) levels were asso-
ciated with elevated MetS prevalence, whereas negative and insignifi-
cant association were observed for NO, and sulfur dioxide (SO3) (Wang
et al., 2022). The Heinz Nixdorf Recall study in Germany reported a
significant association of NO, with MetS prevalence, whereas no sig-
nificant association was observed for PM, s and PM; o (Matthiessen et al.,
2018). In addition to the uncertainty in epidemiological findings, the
majority of studies focused on the effects of particulate matter and NOo,
with little attention being paid to SO9, O3, and carbon monoxide (CO).

Systemic inflammation has been identified as an important predictor
of MetS and MetS-related diseases (Dabass et al., 2018). Moreover,
systemic inflammation has been demonstrated as a crucial mechanism of
air pollution-induced adverse health effects, including many cardio-
vascular, respiratory, and metabolic diseases (Dadvand et al., 2014; Liu
et al., 2019d; Puett et al., 2019). While no study has examined the effect
modification of systemic inflammation in the associations of air pollu-
tion with MetS, those previous studies suggested that systemic inflam-
mation might modify the association between air pollution and MetS.

In this national cross-sectional study, we aimed to investigate asso-
ciations of long-term exposure to air pollution or systemic inflammation
with MetS and their interaction with MetS using the China Health and
Retirement Longitudinal Study (CHARLS).

2. Methods
2.1. Study population

The study participants were from the China Health and Retirement
Longitudinal Study (CHARLS), which is a national cohort study among
residents aged 45 years and older. The CHARLS survey has covered
about 150 county-level cities in 28 provinces of China and was estab-
lished to collect a wide range of high-quality microdata of middle-aged
and older adults. In brief, multi-stage stratified probability proportion-
ate sampling methods were employed to recruit participants. After the
CHARLS 2011 baseline assessment, the CHARLS proceeded to follow-up
with participants in three waves in 2013, 2015, and 2018, respectively.
As the CHARLS is dynamic cohort, a small number of new respondents
are recruited in the follow-ups (Zhang et al., 2021). Detailed information
of CHARLS has been published previously (Zhao et al., 2014). Blood
lipid, blood pressure, fasting plasma glucose, and other physical exam-
inations were only conducted in CHARLS 2011 and 2015, and the
assessment of air pollution in China was mainly performed after 2013;
therefore, we conducted a national cross-sectional study of CHARLS in
2015 in this study. A total of 16,406 middle-aged and older adults who
participated in physical examinations were enrolled. After excluding
participants without blood lipid, blood pressure, and fasting plasma
glucose results and those participants in the very few regions where air
pollution exposure failed to be assessed, we enrolled 11,838
middle-aged and older adults from 27 provinces of China in the present
study (Fig. S1). Informed consent was obtained from all participants and
CHARLS was approved by the Institutional Review Board of Peking
University (Code: IRB00001052-11015).
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2.2. Assessment of waist circumference, blood pressure, blood liquids,
plasma glucose, and systemic inflammation

Waist circumference (WC) and blood pressure of each participant
were measured in a free physical examination. Briefly, WC at the level of
the navel was evaluated using a tape measure, and participants were
asked to keep a standing position and hold their breath at end of the
exhale. The blood pressure of each individual was measured three times
using an electronic monitor (HEM-7200 Monitor, Omron, Kyoto, Japan)
on the left arm. Participants were asked not to smoke, exercise, drink
alcohol, and take food within 30 min before the blood pressure test.
Systolic blood pressure (SBP) and diastolic blood pressure (DBP) were
calculated by averaging the results of three examinations.

A fasting venous blood sample (6 mL) was collected from each
participant for the assessments of blood liquids, plasma glucose, and
systemic inflammation. Briefly, after the venous blood was separated,
plasma from each participant was stored in two 1 mL cryovials and then
shipped to the KingMed Diagnostics laboratory to assay plasma glucose
and systemic inflammation. Triglycerides (TG), high-density lipoprotein
(HDL), and fasting plasma glucose (FPG) were examined for the diag-
nosis of MetS. High-sensitivity C-reactive protein (hsCRP) was assessed
to reflect systemic inflammation levels. More detailed descriptions of the
process of blood collection and the methods for blood-based bioassays
are described in our previous study (Chen et al., 2019).

2.3. Diagnosis of MetS

The diagnosis of MetS was carried out according to the Joint Interim
Societies’ definition of MetS, using their categorizations of WC for
Chinese people (Alberti et al., 2005). In brief, an individual with WC >
80 cm for females and WC > 90 cm for males plus who met any two of
the following criteria were diagnosed as MetS patient: (1)TG > 150
mg/dL (1.7 mmol/L); (2) HDL <40 mg/dL (1.03 mmol/L) in men or <
50 mg/dL (1.29 mmol/L) in women; (3) SBP >130 mm Hg or DBP >85
mm Hg or use of anti-hypertensive medicine; (4) FPG >100 mg/dL (5.6
mmol/L) or the use of anti-diabetic medicine (Hou et al., 2020).

2.4. Assessments of air pollution exposure

Full-coverage ground-level air pollution concentrations (PMjs,
PM;g, SO2, NO3, O3 and CO) for each individual was assessed by arti-
ficial intelligence at 0.1° (=10 km) gridded spatial resolution from 2013
to 2015, which were collected from the CHAP dataset (available at htt
ps://weijing-rs.github.io/product.html). Briefly, ground-based mea-
surements, remote sensing products, atmospheric reanalysis, and model
simulations were all employed and the space-time extremely random-
ized trees (STET) model was used to estimate the daily concentrations of
ambient PMss, PMjg, SO, NOy, CO, and O3 The 10-fold cross-
validation R? and Root-Mean-Square Error of the estimated daily aver-
ages of all air pollutants showed high consistency with surface mea-
surements (Table S1). The detailed data on air pollution estimation are
described in previous studies (Wei et al., 2019, 2021a, 2021b, 2022a,
2022b). The annual air pollution exposure of each participant was
estimated according to their residential addresses at the county-level
and three-year average air pollution concentrations before the
CHARLS wave 3 were calculated as long-term air pollution exposure in
the main effects analyses, while two-year average air pollution con-
centrations were used in the sensitivity analysis (Mao et al., 2020b).

2.5. Covariates

Numerous potential confounders were enrolled in this study,
including meteorological factors, sociodemographic, socioeconomic
variables, health behaviors, and lifestyles. Meteorological factors (tem-
perature, relative humidity) were assessed by meteorological moni-
toring stations and the data was obtained from the China Meteorological
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Administration (http://www.cma.gov.cn/). Sociodemographic vari-
ables included age (years) and sex (male or female). Socioeconomic
variables included residence (rural or urban), education status
(“elementary school or below” or “middle school or above”), marital
status (“married and living with a spouse”, “married but living without a
spouse”, or “single, divorced, and widowed”), and annual household
expenditure. Health behaviors and lifestyles included smoking status
(“non-smoker” or “smoker”), drinking status (“non-drinker” or “drink
less than once a month” or “drink more than once a month”), physical
activity (PA), and cooking fuel use (“solid fuel” or “clean fuel”) (Li et al.,
2019). For smoking status, a smoker was defined as an individual who
had ever chewed tobacco, smoked a pipe, or self-rolled cigarettes, cig-
arettes, or cigars. Drinking status was assessed by investigating the
alcoholic behavior of each participant in the past year and alcohol types
contained liquor, wine, or beer. Physical activity was assessed by the
International Physical Activity Questionnaire (IPAQ). The time range in
CHARLS was converted to an intermediate value: “> 4 h” to 240 min, “>
2hand <4 h” to 180 min, “> 30 min and <2 h” to 75 min, and “>10 min
and <30 min” and the physical activity score (PA score) was evaluated
using metabolic equivalent multipliers as follows: PA score = 8.0 x total
vigorous activity weekly duration score + 4.0 x total moderate activity
weekly duration score + 3.3 x total walking weekly duration score (Bai
et al., 2021; Garrett et al., 2019). Indoor air pollution was evaluated by
whether a participant used solid fuel for cooking (Luo et al., 2021). Coal,
crop residue, or wood burning were categorized as “solid fuel” and
natural gas, marsh gas, and liquefied petroleum gas were categorized as
“clean fuel” (Luo et al., 2021).

2.6. Statistical analysis

Descriptive analyses were conducted. Continuous variables were
described as the mean + standard deviation (SD) and categorical vari-
ables were represented as count data (percentage). The difference in
continuous variables and categorical variables between non-MetS and
MetS participants was tested using Student’s t-test and a chi-squared test
(Wang et al., 2022). Pearson correlation was applied to examine the
correlations among different air pollutants.

Generalized linear models (GLM) were employed to examine the
effects of air pollution and CRP on MetS, and their interactions on MetS.
The effect estimates and 95% confidence intervals (95% CI) were pre-
sented as the odds ratio (OR) for MetS per interquartile range (IQR)
increase in air pollutants. We first developed a crude model without any
adjustment. Then, adjusted model 1 (Model 2) was employed to adjust
for meteorological factors (temperature and relative humidity), socio-
demographic (age and sex) and socioeconomic variables (residence,
education, marital status, and annual household expenditure) (Butland
et al., 2017). Finally, health behaviors and lifestyles (smoking status,
drinking status, physical activity and cooking fuel use) were also
adjusted in adjusted model 2 (Model 3). McFadden’s pseudo R% was used
to assess model fit (Park et al., 2022). In addition, we also included
standardized concentrations of air pollution into model and compared
the OR values of air pollutants to identify which air pollution component
is more responsible for increased prevalence of MetS than the others.

To evaluate the effects of CRP on MetS and its modification effects in
the association of air pollution with MetS, three models were carried out
based on fully-adjusted models. Firstly, we assess the association of CRP
with MetS, without any air pollutant (Model 4). Then, an additive term
of CRP and each air pollutant were included in the same model (Model
5). Finally, an interaction term of CRP and each air pollutant were
applied to test the interactive effects of CRP and individual air pollutant
(Model 6) (Hou et al., 2020).

A series of sensitivity analyses were performed to test the robustness
of the results. First, we re-performed GLM models and interactive
analysis using the two-year average concentration of air pollutants
before 2015. Second, we additionally adjusted for regional categories
(“East”, “Midland” and “West”) considering the level of economic
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development with geographical difference. Third, we excluded partici-
pants who had changed their address between 2011 and 2015. Fourth,
log-binomial Poisson regressions were performed to examine the asso-
ciations of air pollution and CRP with MetS, and the modification effects
of CRP in the associations of air pollution with MetS, accounting for the
high prevalence of the binary outcomes of interest (Barros and Hirakata,
2003; Ning et al., 2022). Fifth, we categorized participants into a “Low
CRP group (<1 mg/L)” and “Average or high CRP group (>1 mg/L)” and
performed a sensitivity analysis using an interaction between catego-
rized CRP and air pollutants (Luttmann-Gibson et al., 2010; Pearson
et al., 2003). Finally, two-pollutant models with adjustment for O3 were
developed, accounting for the weak or moderate co-linearity of O3 and
other air pollutants (Liu et al., 2019a).

All statistical analyses were completed using the R software (Version
4.2.1) and the imputation of missing data for several covariates were
completed by using the “mice” package (Tan et al., 2018). A two-tailed P
value < 0.05 was regarded as statistically significant for the association
of CRP/air pollution and MetS, and a two-tailed P value < 0.10 was set
as the statistical significance threshold for their interactions of CRP and
air pollution (Hou et al., 2020).

3. Results
3.1. Descriptive statistics

A total of 11,838 middle-aged and older adults were included in our
study, with only 179 new respondents (1.51% of all participants). Par-
ticipants were recruited from 437 communities in 123 county-level
cities in 27 Chinese provinces. The geographical distribution of the
participants is shown in Fig. 1 and the flowchart for participant inclusion
is shown in Fig. S1. The basic characteristics of participants are shown in
Table 1. The mean age of participants was 60.63 + 9.67 years. The mean
levels of WC, TG, HDL, FBG, SBP, DBP, and CRP were 85.78 cm, 1.61
mmol/L, 1.32 mmol/L, 128.61 mmHg, 123.66 mmHg, and 2.69 mg/L,
respectively. There were 3832 middle-aged and older adults diagnosed
as having MetS, with a prevalence of 32.37%.

Table 2 presents the average concentrations of six air pollutants,
temperature, and humidity. A three-year average ambient PMy 5, PM,
SO2, NOg, O3, and CO exposure were 62.99 + 18.88 pg/mS, 104.97 +
32.71 pg/m°, 34.29 + 14.19 pg/m?, 32.29 + 7.63 pg/m>, 84.82 + 7.18
pg/m® and 1.29 + 0.38 mg/m°, respectively. We found that the annual
PM, 5 and PM;( exposure were far greater than the standards of the
World Health Organization (AQG 2021; PMys: 5 pg/m>, PM1(:10 pg/
m®) and the secondary standard of Chinese ambient air quality guideline
(GB 3095-2012, PMy5: 35 pg/m>, PM1(:70 pg/m°>). The mean temper-
ature and humidity were 15.24 + 4.04 °C and 67.75 + 8.38%. In
addition to Os, Pearson correlation analyses suggested that PM; 5, PMj,
SO2, NOo, and CO were highly correlated with each other, with the
correlation coefficient (r) ranging from 0.748 to 0.952 (Table S2).

3.2. Association between air pollution and the prevalence of MetS

The associations between each air pollutant and the prevalence of
MetS are shown in Fig. 2. Long-term exposures to ambient PMj 5, PM,
S04, NO, O3, and CO were all associated with the increased prevalence
of MetS in the crude model (Model 1) and the two adjusted models
(Model 2 and Model 3). After adjusting for temperature, relative hu-
midity, age, sex, residence, education, marital status, annual household
expenditure, smoking status, drinking status, physical activity, and in-
door air pollution, each IQR increase in PMy 5, PM1(, SO2, NO», O3, and
CO exposure was associated with a 19.2%, 17.7%, 15.8%, 30.3%,
10.7%, and 15.6% increase in the prevalence of MetS, respectively.
Moreover, the MC Fadden R? of associations of PM; 5, PM1g, SO3, NO,,
03 and CO with MetS were 0.086, 0.085, 0.085, 0.087, 0.085, and 0.085,
respectively (Table S3). Our results also found that the air pollutants
most responsible for increased MetS risk are NO, and particulate matter


http://www.cma.gov.cn/

S. Han et al.

Environmental Research 215 (2022) 114340

-

Fig. 1. The geographical distribution of 11,838 middle-aged and older adults in 27 provinces of China.

(PM3 5, PMjy), followed by CO and SOq, and finally O3 (Table S4).

3.3. Association between CRP and MetS, and the modification effects of
CRP in the association of air pollution and MetS

We first enrolled CRP into the GLM model separately and found
positive and significant associations between CRP and MetS risk (Model
4, Table 3). Each IQR (1.90 mg/L) increase in CRP was associated with
an 4.9% (OR = 1.049, 95% CI: 1.035, 1.064) increase in prevalence of
MetS (Model 4, Table 3). When CRP and one type of air pollutant were
employed in the same model, the effect estimates of both CRP and air
pollutants did not change substantially (Model 5, Table 3).

After introducing an interaction term of CRP and each air pollutant,
we found positive and significant associations of both CRP and air pol-
lutants with MetS. Significant interactions of CRP and air pollutants on
MetS were observed (P-interaction < 0.10). Moreover, the results showed
that the associations of all air pollutants with MetS were enhanced by
increased CRP levels (Model 6, Table 3).

3.4. Sensitivity analysis

For the associations of air pollution with the prevalence of MetS, all
sensitivity analyses showed similar effect values and consistent statis-
tical significance, except for the association of 2-year exposure to SOz
with MetS (Table S5, Table S7, Table S9, Table S11, Tables S13-14). For
the association of CRP with MetS, the effect modification of CRP in the

association of air pollution with MetS, both the univariate model (only
CRP was applied in the model, Model 4) and the additive model (with
CRP plus an air pollutant, Model 5) showed consistent results. When we
introduced the interactions of CRP and air pollution, their effects on
MetS showed similar results in most of sensitivity analysis (CRP-MetS:
except for the interaction effect of CRP and Os in the sensitivity analysis
of applying 2-year air pollution, log-binomial regression and adjustment
for regional categories. Air pollution-MetS: except for the interaction
effect of CRP and Oz, and CRP and SO in sensitivity analysis of
adjustment for regional categories). While a significant interaction effect
was not observed in several relationships, all sensitivity analyses found a
consistent trend: the effect estimates of CRP and air pollution on MetS
increased when we introduced the interactions of CRP and air pollution
(Table S6, Table S8, Table S10 and Table S12).

4. Discussion

In this nationally representative study of middle-aged and older
Chinese adults, we found that long-term exposure to ambient air
pollution (PMy 5, PM;, SO2, NO3, O3, and CO) is significantly associated
with the increased prevalence of MetS. Moreover, the air pollutants most
responsible for the increased prevalence of MetS were NO, and partic-
ulate matter (PMa 5, PM;y), followed by CO and SO, and finally by Og,
High systemic inflammation levels could enhance the adverse effects of
all pollutants on MetS. To the best of our knowledge, this is the first
study to explore the interaction effects of long-term exposure to ambient
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Table 1
Basic characteristics of participants.
Characteristics * Total (n = Non-MetS MetS (n = P-
11,838) (n = 8006) 3832) value
Age, years 60.63 + 60.25 + 61.43 + <
9.67 9.65 9.65 0.001
BMI , kg/m? 23.87 + 23.01 + 25.68 + <
3.66 3.41 3.49 0.001
Sex <
0.001
Male 5587 (47.2) 4529 1058
(56.57) (27.6)
Female 6251 (52.8) 3477 2774
(43.43) (72.4)
Residence <
0.001
Rural 7350 (62.1) 5170 2180
(64.58) (56.9)
Urban 4488 (37.9) 2836 1652
(35.42) (43.1)
Marital status <
0.001
Married and living with 9778 (82.6) 6719 3059
a spouse (83.92) (79.8)
Married but living 491 (4.1) 329 (4.11) 162 (4.2)
without a spouse
Single, divorced, and 1566 (13.2) 955 (11.93) 611 (15.9)
windowed
Education Status "
Elementary school or 6259 (52.9) 4094 2165 <
blow (51.14) (56.6) 0.001
Middle school or above 2816 (23.8) 1983 833 (21.7)
(24.77)
Smoking Status " <
0.001
Non-smoker 6680 (56.4) 3893 2787
(48.63) (72.7)
Smoker 766 (6.5) 591 (7.38) 175 (4.6)
Drinking Status ”
Non-drinker 3147 (26.6) 2615 532 (13.9) <
(32.66) 0.001
Drink but less than once 1045 (8.8) 770 (9.62) 275 (7.2)
a month
Drink more than once a 7631 (64.5) 4608 3023
month (57.56) (78.9)
Regional Categories <
0.001
East 4529 (38.3) 2951 (36.9) 1578
(41.2)
Midland 4436 (37.5) 2999 (37.5) 1437
(37.5)
West 2873 (24.3) 2056 (25.7) 817 (21.3)
Cooking Fuel Use " 0.001
Solid fuel 2958 (25.0) 2069 (25.8) 889 (23.2)
Clean fuel 4194 (35.4) 2782 (34.8) 1412
(36.9)
Physical Activity " 7592 + 8117 + 6434 + <
6519 6665 6028 0.001
Annual Household 13288 + 13771 £ 12267 + 0.134
Expenditure b 46025 50920 33384
Waist circumference, cm 85.78 + 81.89 + 93.09 +
12.13 11.89 7.86
Triglycerides (TG), 1.61 +1.03 1.37 £ 0.87 212 + <
mmol/L 1.15 0.001
High-density lipoprotein  1.32+0.29  1.39 £+ 0.30 1.19 + <
(HDL), mmol/L 0.24 0.001
Fasting blood glucose 5.76 +£1.94 5.46 +1.53 6.46 + <
(FBG), mmol/L 2.45 0.001
Systolic blood pressure 128.61 + 125.46 + 135.19 + <
(SBP), mmHg 19.70 19.00 19.51 0.001
Diastolic blood pressure 123.66 + 74.23 + 78.29 + <
(DBP), mmHg 75.55 11.08 11.09 0.001
C-Reactive Protein 2.69+586 246 +6.06 3.18 + <
(CRP), (mg/1) 5.39 0.001
Anti-hypertensive medicine use <
0.001
Yes 2881 (24.3) 1337 (16.7)

Environmental Research 215 (2022) 114340

Table 1 (continued)

Characteristics * Total (n = Non-MetS MetS (n = P-
11,838) (n = 8006) 3832) value
1544
(40.3)
No 8952 (75.6) 6665 (83.3) 2287
(59.7)
Anti-Diabetes medicine <
use 0.001
Yes 717 (6.1) 194 (2.4) 523 (13.7)
No 11114 7806 (97.5) 3308
(93.9) (86.3)

@ For continuous variables, numbers represent the mean + standard deviation
and for categorical variables, numbers represent count (percentage).

b For variables, missing values existed. P-value for significance test between
non-MetS participants and hypertension MetS.

Table 2
Descriptive statistics 3-years average levels of air pollution, temperature and
humidity.

Mean SD P25 P50 P75 IQR

Air pollution

PM, 5 (ug/m%) 62.99 18.81 50.52  60.36 74.56 24.04
PM;, (pg/m%) 10497 3271 81.84 100.21 120.84  39.00
SO, (g/m®) 34.29 1419 2418 29.13 43.23 19.05
NO, (ug/m>) 32.29 7.63 26.15  30.77 37.43 11.28
03 (ug/m>) 84.82 7.18 79.05  82.82 88.56 9.51
CO (mg/m>) 1.29 0.38 1.02 1.14 1.48 0.46
Temperature and
humidity

Temperature (°C) 15.24 4.04 13.55 15.60 17.65 4.10
Humidity (%) 67.75 8.38 62.50  69.50 74.50 12.00

Abbreviations: PM, 5 particle with aerodynamic diameter <2.5 pm; PM;,
particle with aerodynamic diameter <10 pm; SO, sulfur dioxide; NO,, nitrogen
dioxide; CO, carbonic oxide; Os, ozone; SD, standard deviation; P25, P50, P75,
Lower, median and upper quartiles of variables; IQR, inter-quartile range.

air pollution and systemic inflammation on the risk of MetS.

Previous studies have evaluated the long-term effects of air pollution
on MetS (Eze et al., 2015; Hou et al., 2020; Wang et al., 2022; Yang et al.,
2018). Consistent with our study, a cross-sectional study (the 33 Com-
munities Chinese Health Study (33CCHS)) reported that the prevalence
of MetS increased by 9%, 13%, 10%, 33%, and 10% per 10 pg/m°> in-
crease in PMy 5, PMj, SO3, NO,, and O3 exposure, respectively (Yang
etal., 2018). Hou et al. reported that each 5 pg/m3 increase in the PMj s,
PM;, and NO, concentrations was associated with a 42.4%, 22.87%,
and 40.8% increased MetS risk in 39,089 adults from rural China (Hou
et al., 2020). Wang et al. conducted a similar study and found that each
IQR increase in PMy 5 (6.7 pg/ms), PM;yo (12.2 pg/ms), and O3 (6.7
ng/m>) was associated with a 19.3%, 21.6%, 7.4% increased prevalence
of MetS, while no significant association of SO, or NO, with MetS was
observed (Wang et al., 2022). The non-significant results for SO, and
NO; might be attributed to the low variability of SO, and NO; concen-
trations in one city (Wuhan). There is little research available regarding
the long-term effects of exposure to CO on MetS; however, several
studies have reported that long-term exposure to CO was positively
associated with MetS-related diseases, including hypertension (Dong
et al., 2014; Lee et al., 2016)diabetes (Shin et al., 2019), and dyslipi-
demia (Shin et al., 2019).

Our study found that high systemic inflammation levels could
enhance the long-term effects of all pollutants on MetS. To the best of
our knowledge, no study has examined the interactive effect of systemic
inflammation in the association between air pollution and MetS. How-
ever, the results of several studies could support our findings. First,
studies reported that exposure to air pollution was associated with
increased systemic inflammation (Azzouz et al., 2022; Liu et al., 2019d;
Rich et al., 2012). For example, a meta-analysis found that each 10
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Air pollutants (IQR) OR and 95%CI P-value
PM2.5 (24.04 pg/m3)

Crude Model === @ 1 1.212 (1.154, 1.272) <0.001 ***
Adjusted Model 1 h=====4 @ | 1.182 (1.108, 1.262) <0.001 ***
Adjusted Model 2 bomones @ { 1.192 (1.116, 1.272) <0.001 ***
PM10 (39.00 pg/m3)

Crude Model 1.210 (1.156, 1.267) <0.001 ***
Adjusted Model 1 1.173 (1.100, 1.251) <0.001 ***
Adjusted Model 2 O @---oee L 1.177 (1.103, 1.255) <0.001 ***
SO2 (19.05 pg/m3)

Crude Model frooes ®------- | 1.210 (1.150, 1.273) <0.001 ***
Adjusted Model 1 foremeees @---oores 1 1.154 (1.068, 1.246) <0.001 ***
Adjusted Model 2 P @ 1 1.158 (1.072, 1.252) <0.001 ***
NO2 (11.28 pg/m3)

Crude Model Feerne Q-] | 1.330 (1.257, 1.408) <0.001 ***
Adjusted Model 1 booeoreeees @ | 1.299 (1.208, 1.397) <0.001 ***
Adjusted Model 2 fe Qoo 1 1.303 (1.211, 1.403) <0.001 ***
03 (9.51 pg/m3)

Crude Model fomeee ®------ 1 1.146 (1.089, 1.205) <0.001 ***
Adjusted Model 1 besmees L G | 1.101 (1.041, 1.165) <0.001 ***
Adjusted Model 2 b @] 1.107 (1.046, 1.171) <0.001 ***
CO (0.46 mg/m3)

Crude Model . ®------ | 1.199 (1.146, 1.256) <0.001 ***
Adjusted Model 1 formmmes @ ---ooe | 1.174 (1.101, 1.253) <0.001 ***
Adjusted Model 2 fommeoes LA | 1.156 (1.083, 1.234) <0.001 ***

T T T T T T T T T T T T
0.90 0.95 1.00 1.05 1.10 1.15 1.20 1.25 1.30 1.35 1.40 1.45 1.50

Fig. 2. Associations between air pollution and metabolic syndrome (MetS), per IQR increment in air pollutants. Notes: Model 1, crude model, without adjustment;
Model 2, adjusted for temperature, relative humidity, age, sex, residence, education, marital status, and annual household expenditure; Model 3, adjusted for
temperature, relative humidity, age, sex, residence, education, marital status, annual household expenditure, smoking status, and drinking status, physical activity,

and cooking fuel use; *P < 0.05; **P < 0.01; ***P < 0.001.

pg/m3 increase in long-term exposure to PM; 5 and PM;, were associ-
ated with a 18.1% (95%CI: 5.96%, 30.06%) and 5.61% (95%CI: 0.79%,
10.44%) increase in CRP levels (Liu et al., 2019d). Second, the rela-
tionship between systemic inflammation and MetS is well established
(Hong et al., 2020; Ma et al., 2020; Park and Zhang, 2021; Ren et al.,
2018). For example, a cross-sectional study from the Wuhan-Zhuhai
cohort indicated that each 1-unit increase in log-transformed CRP was
significantly associated with an 11% increased MetS prevalence (OR =
1.11, 95%CI: 1.03, 1.20) (Ma et al., 2020). In addition, people with
MetS-related diseases might be vulnerable to the adverse effects of air
pollution exposure. For example, Dabass et al. conducted a national
cross-sectional study in the US to examine the associations of exposure
to PM, 5 with inflammatory markers and found that participants with
MetS showed a stronger positive CRP response than those without MetS
(Dabass et al., 2018).

The mechanism by which exposure to air pollution affects MetS re-
mains unclear (Hou et al., 2020; Wang et al., 2022). Several potential
biological pathways have been proposed for the relationship between air
pollution and MetS-related diseases, including hypertension, diabetes,
obesity, and dyslipidemia (Aryal et al., 2021; Yang et al., 2019). First,
ambient air pollutants could migrate into the circulatory system through
the alveolar membrane, leading to systematic inflammation and oxida-
tive stress, consequently resulting in elevated blood pressure, increased
body weight, insulin resistance (IR), and dyslipidemia (Mao et al.,
2020b; Niu et al., 2022b; Wang et al., 2022). The significant associations
between air pollution and CRP, and the interactive effect of CRP in the
relationship between air pollution and MetS revealed in our study are
consistent with these hypotheses. Second, dysfunction of the autonomic
nervous system has also been identified as the key pathway contributing

to air pollution-related hypertension, diabetes, and other diseases (Niu
et al.,, 2021; Yang et al., 2019). Third, air pollution-induced insulin
resistance (IR) and dysfunction of the renin-angiotensin-aldosterone
system (RASS) are indicted to be an important physiological mecha-
nism by which air pollution promotes MetS-related diseases, especially
diabetes, obesity, and dyslipidemia (Kim et al., 2019; Liu et al., 2019c;
Rich et al., 2018). Another important mechanism is abnormal epigenetic
changes (Chen et al., 2016; Mao et al, 2020b). A randomized,
double-blind crossover trial indicated that exposure to PM; 5 was asso-
ciated with a rapid reduction in DNA methylation, consequently
contributing to CVD (Chen et al., 2016).

Our study has several strengths. First, we examined the associations
between ambient air pollutants (PMy 5, PM1, SO2, NO3, O3, and CO) and
the prevalence of MetS. This study contributes comprehensive epide-
miological evidence compared with the limited studies of air pollution
on the metabolic system, especially for SO3, O3, and CO (Ning et al.,
2021; Zang et al., 2021). Moreover, our study evaluated the modifica-
tion effect of systemic inflammation in air pollution-induced MetS for
the first time, which suggested that one effective preventive measure for
air pollution-induced MetS is to reduce systemic inflammation.
Furthermore, the concentration of air pollutants was estimated using
satellite remote sensing and novel statistical models at a 0.1° (~10 km)
gridded spatial resolution, which might have several advantages for
accuracy and resolution compared with traditionally used fixed envi-
ronmental monitoring stations and land use regression models without
satellite data (Chen et al., 2018). Finally, a series of sensitivity analyses
were conducted, the results of which indicated that our findings are
robust.

There are also several limitations in our study. Firstly, because of the
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Table 3
Association between CRP and MetS, and the modification effects of CRP in the
association of air pollution with MetS.

Models CRP-MetS Air pollution-MetS P-
interaction
OR and P OR and P
95%CI 95%CI
Model 4
CRP 1.049 <0.001 - - -
(1.035, ek
1.064)
Model 5
PM, 5 + CRP 1.049 <0.001 1.191 -
(1.035, okl (1.115,
1.064) 1.271)
PM; + CRP 1.049 <0.001 1.176 <0.001 -
(1.035, ok (1.102, el
1.064) 1.255)
SO, + CRP 1.049 <0.001 1.156 <0.001 -
(1.035, ek (1.069, ke
1.063) 1.249)
NO, + CRP 1.049 <0.001 1.303 <0.001 -
(1.035, ek (1.211, ek
1.064) 1.403)
O3 + CRP 1.049 <0.001 1.106 <0.001 -
(1.035, il (1.045, e
1.064) 1.171)
CO + CRP 1.048 <0.001 1.152 <0.001 -
(1.035, il (1.080, il
1.063) 1.080)
Model 6
PMys + 1.089 <0.001 1.215 <0.001 0.091 *
CRP + (1.040, bl (1.134, i
PMy5 x 1.141) 1.303)
CRP
PM; + CRP 1.083 1.197 <0.001 0.084 *
+ PMjg X (1.037, (1.118, el
CRP 1.133) 1.282)
SO, + CRP 1.081 <0.001 1.183 <0.001 0.074 *
+ SO, x (1.042, okl (1.090, el
CRP 1.122) 1.283)
NO, + CRP 1.112 <0.001 1.343 <0.001 0.027 **
+ NO; x (1.053, e (1.242, ek
CRP 1.175) 1.453)
O3 + CRP + 1.213 <0.001 1.131 <0.001 0.067 *
O3 x CRP (1.034, ek (1.064, ek
1.419) 1.204)
CO + CRP + 1.084 <0.001 1.172 <0.001 0.077 *
CO x CRP (1.037, ok (1.095, ok
1.133) 1.256)

Notes: Results were presented as OR and 95%CI of MetS per IQR increase in CRP
(1.9 mg/L) and air pollution (PMys5, 24.04 pg/m3; PM;y, 39.00 pg/m3;
$0,,19.05 pg/m>; NO,, 11.28 ug/m?; 03, 9.51 pg/m>; CO, 0.46 mg/m>) Model 4,
univariate model, only CRP was applied in the model; Model 5, additive models,
CRP and an air pollutant were applied in the model, with CRP plus air pollutants;
Model 6, interaction model, CRP and an air pollutant were applied in the model,
with CRP + air pollutants + CRP x air pollutants. *P < 0.05; **P < 0.01; ***P <
0.001 for the association of CRP/air pollution and MetS; *P < 0.10; **P < 0.05
for interactions of CRP and air pollution.

Abbreviations: CRP, C-Reactive Protein; PM,s particle with aerodynamic
diameter <2.5 pm; PM;, particle with aerodynamic diameter <10 pm; SO,
sulfur dioxide; NO,, nitrogen dioxide; CO, carbonic oxide; O3, ozone; OR, odd
ratio; 95%CI, 95% confidence intervals.

cross-sectional design of this study, the causal relationship between air
pollution, systemic inflammation, and MetS could not be established.
Secondly, anti-hypertensive history, anti-diabetic medicine history, and
potential confounders were obtained using a self-reported question-
naire, thus recall bias and reporting bias could not be avoided. Thirdly, a
multi-pollutant model could not be constructed because the air pollut-
ants (PMy 5, PM;, SO2, NO5 and CO) were highly correlated (Chen et al.,
2017; Li et al., 2020; Mao et al., 2020b). However, sensitivity analysis
using a two-pollutant model with adjustment for O3 suggested that the
associations of air pollution with MetS were robust. Fourthly, as a
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McFadden’s pseudo R? ranging from 0.2 to 0.4 indicates very good
model fit ( McFadden et al., 1979; Hemmert et al., 2016), the McFad-
den’s pseudo R? values of our study showed that the models were not
particularly strong. Finally, salt intake and other life characteristics
were not obtained in the CHARLS, which might modify the associations
of air pollution with MetS. Further studies with controls for more po-
tential confounders are needed to confirm our findings.

5. Conclusion

In summary, our study suggested that long-term exposure to ambient
air pollution was associated with increased prevalence of MetS. The
adverse effects of ambient air pollution on MetS were enhanced by
increased systemic inflammation levels in Chinese middle-aged and
older adults. Immediate measures should be taken to improve air quality
and reduce systemic inflammation, which could contribute to
decreasing the burden of MetS.
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