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A B S T R A C T

Background: Experimental studies have indicated that alterations in the gut microbiota might play a role in the
pathway of diabetes induction resulting from particulate matter pollution with aerodynamic
diameters < 2.5 μm (PM2.5). However, few human studies have examined such experimental findings. Here, we
examine the mediating effects of gut microbial dysbiosis on the associations between PM2.5 and particulate
matter pollution with aerodynamic diameters < 1 μm (PM1) on diabetes using the Guangdong Gut Microbiome
Project (GGMP) dataset.
Methods: A multistage cluster sampling method was employed to recruit adult participants from communities in
Guangdong. Each participant was interviewed using a questionnaire, fasting blood and stool samples were
collected, and the exposure to air pollutants was assessed using a spatiotemporal land-use regression model. The
mediation analysis was conducted to estimate the associations among air pollutants, gut microbiota diversity and
diabetes.
Results: Both PM2.5 and PM1 were positively associated with the risks of impaired fasting glucose (IFG) or type 2
diabetes and negatively associated with alpha diversity indices of the gut microbiota. The mediation analyses
indicated that the associations of PM2.5 and PM1 with the risk of type 2 diabetes were partially mediated by the
decrease in gut microbiota diversity. Moreover, we found that 79 (PM2.5 on IFG), 84 (PM2.5 on type 2 diabetes),
83 (PM1 on IFG) and 89 (PM1 on type 2 diabetes) bacterial taxa could partially mediate the associations of PM2.5

and PM1 with IFG and type 2 diabetes, respectively. The relative abundance of most Firmicutes, Proteobacteria
and Verrucomicrobia bacteria were negatively associated with particulate matter (PM) concentrations and the
risks of diabetes.
Conclusions: Long-term exposure to PM may increase the risk of diabetes, and alterations in the gut microbiota
partially explained these associations.

1. Introduction

Type 2 diabetes has become a severe public health challenge
worldwide. Type 2 diabetes is among the top 10 causes of death

globally (Huang, 2017). The International Diabetes Federation has re-
ported that 425 million people worldwide were estimated to have
diabetes in 2017 and that the number of diabetes cases would increase
to 629 million by 2045 (Huang, 2017). Type 2 diabetes is a complex
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disorder influenced by both genetic and environmental factors. Many
previous studies have investigated the impacts of ambient particulate
air pollution on type 2 diabetes risk and have found that long-term
exposure to high levels of ambient PM2.5 was associated with an in-
creased risk of type 2 diabetes (Wang et al., 2014). A recent study re-
ported that globally, approximately 3.2 million diabetes cases and 8.2
million disability-adjusted life years (DALYs) caused by diabetes were
attributed to PM2.5 exposure (Bowe et al., 2018).

The biological mechanisms of air pollution leading to type 2 dia-
betes have been studied in both experimental and epidemiological
studies, which have proposed that inflammation, oxidative stress and
endothelial dysfunction are plausible major mechanisms (Rajagopalan
and Brook, 2012). Recent studies have suggested that type 2 diabetes
occurrence may also be associated with alterations in the gut micro-
biome (Qin et al., 2012; Alderete et al., 2018). An animal study has
demonstrated that ingested pollutant particles can alter the relative
amounts of Bacteroidetes, Firmicutes and Verrucomicrobia in gut micro-
biota of mice (Kish et al., 2013). These alterations in the gut microbiota
were associated with changes in short chain fatty acid (SCFA) products
such as butyrate, acetate and propionate, which exert important roles in
the regulation of food and energy intake, glucose tolerance and insulin
sensitivity (Harsch and Konturek, 2018). Qin et al. have found a sig-
nificant decrease in the abundance of various butyrate producing bac-
teria including Clostridiales sp. SS3/4, Faecalibacterium prausnitzii and
Roseburia inulinivorans in the diabetic subjects compared with the
controls (Qin et al., 2012). Karlsson et al. also observed that Roseburia
and Faecali bacterium prausnitzii could be highly discriminants for type 2
diabetes (Karlsson et al., 2013). Several previous have comprehensively
illustrated the associations among air pollution, gut microbiota and the
risk of diabetes. For example, a recent animal study showed that PM2.5

exposure was related to changes in the alpha diversity of the gut mi-
crobiota and marked impairment of glucose and insulin tolerance in
mice. Furthermore, PM2.5 exposure-induced glucose intolerance was
significantly mediated by alterations in the diversity of the gut micro-
biota (Wang et al., 2018). Another recent pilot study of a small number
of overweight and obese adolescents also revealed that traffic-related
air pollution (TRAP) exposure was associated with gut microbial taxa
and fasting glucose levels, and the alterations in gut microbial function
explained> 20% of the correlation between TRAP exposure and fasting
glucose levels (Alderete et al., 2018). These findings imply that the
alterations in the gut microbiota components and functions might
partially mediate the associations of PM2.5 exposure with type 2 dia-
betes.

China has the largest number of diabetes patients (114.4 million
diabetes patients in 2017) (Huang, 2017). Studies on the associations of
air pollution and the gut microbiota with diabetes may have important
implications for the prevention and treatment of diabetes in China. A
previous study demonstrated that the metagenomic markers of type 2
diabetes differed between European and Chinese populations (Karlsson
et al., 2013), which indicates that the results of studies from other
countries may not be generalizable to the Chinese population. Two of
our previous studies using the Guangdong Gut Microbiome Project
(GGMP) dataset revealed significant associations of gut microbiota di-
versity with type 2 diabetes in the local population (He et al., 2018a; He
et al., 2018b). However, the mediating effect of the gut microbiota on
the associations of air pollution with type 2 diabetes is still unknown.
China is one of the countries with the most serious particulate matter
(PM) pollution worldwide (van Donkelaar et al., 2015), and our pre-
vious studies revealed significant heterogeneity of ambient PM within
Guangdong Province (Lin et al., 2017). Hence, we hypothesize that PM
may regulate the gut microbiota and the later acts as a mediator of the
association between air pollution and diabetes. In the current study, we
used the GGMP dataset to examine the associations of PMs with dif-
ferent sizes (PM2.5 and PM1) with impaired fasting glucose (IFG) and
type 2 diabetes in a community-based population and further explore
the mediating effects of gut microbial dysbiosis in the associations. Our

findings would provide new insights regarding the mechanisms and
prevention of diabetes caused by ambient PM pollution.

2. Methods

2.1. Study settings and participant selection

This was a community-based cross-sectional study conducted in
Guangdong Province located in southern China. This study aimed to
investigate the prevalence of chronic and nutrition-related diseases and
to further explore the risk factors for these diseases. The details of the
sampling and survey methods have been elaborated elsewhere (He
et al., 2018a; He et al., 2018b). Briefly, 14 districts or counties were
randomly selected following a standard protocol. Three neighborhoods
or townships were randomly selected in each district or township, and
in each district or township, two communities or villages were further
randomly selected. These random selections were performed using a
probability proportional to size (PPS) sampling method (Lao et al.,
2015). In each selected community or village, all adults aged 18 years
or older in 45 randomly selected households were recruited between
October 2015 and February 2016.

2.2. Questionnaire data collection

All participants were interviewed face-to-face by a well-trained
public health practitioner using a structured questionnaire that in-
cluded information on demographic characteristics, lifestyle, diseases,
blood parameters, diet, medication, household location and Bristol
stool scores. Moreover, anthropometric data, including height, weight,
waist circumference, systolic blood pressure (SBP) and diastolic blood
pressure (DBP), were also measured using standard methods (He et al.,
2018b).

2.3. Biological sample collection and testing

Both fasting blood and stool samples were collected and tested for
each participant following a standard detailed protocol (He et al.,
2018b). The total bacterial DNA in each stool sample was extracted and
profiled by sequencing the 16S rRNA gene V4 region following another
protocol (GGMP). Fasting blood glucose (FBG), triglycerides (TGs),
high-density lipoprotein (HDL), low-density lipoprotein (LDL), and
glycosylated hemoglobin A1c (HbAlc) levels were tested in the col-
lected fasting blood samples.

2.4. Definitions of key measures

Type 2 diabetes was defined as self-reported cases (confirmed with
medical records) or individuals with FBG ≥7.0mmol/L, according to
the World Health Organization (WHO) diagnostic criteria for diabetes
(Organization WH, 2006). Here, we excluded the self-reported cases of
diabetes to eliminate the potential influences of medical treatments and
changes in lifestyle. IFG was defined as a FBG from 6.1 to 6.9 mmol/L
(Huang, 2017). Four operational taxonomic unit (OTU)-based alpha
diversity indices were employed in this study: Chao1, Shannon, ob-
served OTUs and phylogenic diversity (PD) whole tree (He et al., 2018a;
He et al., 2018b).

2.5. Assessment of long-term exposure to air pollution

A spatiotemporal land-use regression (LUR) model was used to as-
sess the two-year average exposure to ambient air pollutants, including
PM2.5, SO2, NO2, O3 and CO, at the individual level (Lindstrom et al.,
2014). First, we established a spatiotemporal LUR model including
seven predictors: population density, length of road, land-use data
(farmland, blue space, living land, and green space) and ambient visi-
bility. Two smooth temporal basis functions were also included in the
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model to predict the secular trend of air pollutants. The results of the
10-fold cross validation showed that the R2 was 88.86% and the root
mean square error (RMSE) was 5.65. Second, the predictors of each
residence address were extracted and input into the model to predict
the weekly average air pollution from April 2013 to December 2016.
Third, we employed a generalized additive model (GAM) to predict the
weekly PM1 concentrations at each participant's residence address using
the predicted PM2.5 value, daily mean temperature (TM), relative hu-
midity (RH), mean wind speed (WS), and atmospheric pressure (AP).
This GAM model was described in one of our previous studies (Kootte
et al., 2012). Finally, the two-year average air pollutant concentrations
prior to the date of the investigation were calculated for each partici-
pant. The detailed data are shown in the Supplementary material (Ta-
bles S1 and S2, Figs. S1 and S2), and the SpatioTemporal R package was
employed.

2.6. Covariates

To examine the potential confounding and mediating effects, the
following covariates from the questionnaires were used in the data
analyses: sex, age, race, household income, education level, marital
status, type of home cooking fuel, smoking status, passive smoking
status, alcohol consumption, weight change in the past year, blood lipid
control, blood pressure control, physical activity, family history of
diabetes mellitus, and dietary intake. The weekly average consumption
levels of grains, vegetables, fruit, and meat products in the past
12 months were also included as covariates. The consumption levels of
foods in the aforementioned categories were investigated using a food
frequency questionnaire that included the frequency and quantity of the
consumption of each food. Body mass index (BMI) and other air pol-
lutant (SO2, NO2, O3 and CO) concentrations were also considered
(Table 1).

2.7. Statistical analysis

The raw Illumina sequence data were analyzed based on the
Greengenes database of QIIME (1.9.1) software (He et al., 2018a; He
et al., 2018b). A chi-square test was used to assess the distribution of
categorical variables among controls, patients with IFG, and patients
with type 2 diabetes, and a t-test or ANOVA was employed to evaluate
the distribution of continuous variables among the three groups. We
employed a random forest model to investigate the relative importance
of PM exposure among all covariates predicting the risks of IFG and
type 2 diabetes. A random forest model is an ensemble learning method
that operates by building a number of decision trees at training time
and identifying the class with the majority vote in all the trees in the
ensemble. We used this method to estimate the relative importance of
each variable in the classification by calculating the mean decrease Gini
index. A higher Gini index indicates greater importance of a variable.

A multinomial Logistic regression model was employed to estimate
associations of PM2.5 and PM1 concentrations and the four alpha di-
versity indices with IFG and type 2 diabetes risks. A multiple linear
regression model was applied to estimate the associations of long-term
exposure to PM2.5 and PM1 with alpha diversity indices of the gut mi-
crobiota. In each multivariate analysis, a series of model adjustments
for different covariates without potential collinearity were employed,
and the corresponding increases in odds ratios (ORs) or β (95% CI) for
every inter quantile range (IQR) for independent variables were re-
ported.

The mediation analysis proposed by Mackinnon et al. was per-
formed to evaluate the contribution of alterations in the gut microbiota
to air pollution-induced risks of IFG and type 2 diabetes (Mackinnon
et al., 2007). The four alpha diversity indices were designated as
mediating variables. In addition, we also selected four bacteria (Bac-
teroidetes, Proteobacteria, Firmicutes, and Verrucomicrobia) at the phylum
level due to the high abundance (> 92%) observed in our previous

study (He et al., 2018a) and assessed their potential mediating effects in
the associations of PM with IFG and type 2 diabetes. The detailed
process of the mediating analysis can be seen in the Supplementary
material (Fig. S3).

2.8. Sensitivity analyses

A series of sensitivity analyses were conducted to test the robustness
of our findings. First, we used the American Diabetes Association cri-
teria to define type 2 diabetes and compared the results with those of
the association of PMs on type 2 diabetes defined by the WHO. The
American Diabetes Association criteria define type 2 diabetes as self-
reported cases (confirmed with medical records) or patients with FBG
≥7.0mmol/L or HbA1c ≥6.5% (American Diabetes, 2017). Second,
although PMs were closely related with NO2, we adjusted for NO2 in the
models to test its impacts on the associations of PMs with IFG and type
2 diabetes.

All statistical analyses were performed using R software (version
3.5.1), and the following R packages were used: random Forest (version
4.6-14), SpatioTemporal (version 1.1.9), maps (version 3.3.0), raster
(version 2.6-7), gstat (version 1.1-6), mediation (version 4.4.6), and
nnet (version 7.3-12).

3. Results

3.1. General characteristics

The study population was previously described in the GGMP (He
et al., 2018b). A total of 9172 individuals were investigated, and 8991
participants finished the questionnaire interview. Finally, 6627 parti-
cipants were included in the data analysis after excluding data from all
individuals who were not properly collected their biological samples,
those stool sample sequences provided<10,000 reads, or whose type 2
diabetes diagnosis was self-reported. The comparison of characteristics
between the included and excluded participants can be seen in Table
S3.

The average age of all included participants was 51.8 years. The
numbers of patients with IFG and newly diagnosed type 2 diabetes were
495 (7.5%) and 304 (4.6%), respectively. Compared with the controls,
the patients with IFG and type 2 diabetes were older, had lower edu-
cation levels, had lower household incomes, used more biomass or
fossil fuel for home cooking, and had higher proportions of smokers or
alcohol consumers. In addition, patients with IFG and type 2 diabetes
had higher long-term exposure levels of PM2.5 and PM1, higher BMI,
lower Shannon index, higher grain and meat consumption, and lower
fruit consumption (Table 1). Correlation analysis showed that both
PM2.5 and PM1 were positively related to NO2, SO2 and CO but nega-
tively related to O3 (Fig. S4).

3.2. Associations of PM2.5 and PM1 with risks of IFG and type 2 diabetes

The results of the random forest modeling showed that PM1 and
PM2.5 were close to the tenth position among all 24 selected covariates
associated with IFG and type 2 diabetes (Fig. S5). The results of a single
pollutant model showed that the ORs of IFG for every IQR increase in
PM2.5 (8.03 μg/m3) and PM1 (7.30 μg/m3) were 1.287 (95% CI:
1.258–1.316) and 1.294 (95% CI: 1.266–1.322), respectively. The ORs
of type 2 diabetes for every IQR increase in PM2.5 and PM1 were 1.163
(95% CI: 1.155–1.171) and 1.176 (95% CI: 1.168–1.183), respectively.
Multipollutant modeling results showed that further adjustment for
other air pollutants (SO2, O3 and CO) did not significantly change the
associations of PM2.5 and PM1 with IFG and type 2 diabetes risks (Fig. 1
and Table S4).
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Table 1
General characteristics of study participants by diabetes status.

Characteristics Controls
N (%)

IFG cases
N (%)

Type 2 diabetes cases
N (%)

χ2 P

Sex 1.70 0.428
Male 2586 (44.4) 231 (46.7) 143 (47.0)
Female 3242 (55.6) 264 (53.3) 161 (53.0)

Age (years) 174.76 <0.001
<30 608 (10.4) 4 (0.8) 8 (2.6)
30– 818 (14.0) 24 (4.8) 16 (5.3)
40– 1234 (21.2) 89 (18.0) 51 (16.8)
50– 1426 (24.5) 147 (29.7) 96 (31.6)
60– 1157 (19.9) 155 (31.3) 91 (29.9)
≥70 585 (10.0) 76 (15.4) 42 (13.8)

Race 1.39 0.498
Han 5769 (99.0) 490 (99.0) 303 (99.7)
Minority 59 (1.0) 5 (1.0) 1 (0.3)

Years of education 81.53 <0.001
0 756 (13.0) 90 (18.2) 47 (15.4)
1–6 1983 (34.0) 220 (44.4) 135 (44.4)
7–9 1614 (27.7) 115 (23.2) 78 (25.7)
10–12 879 (15.1) 55 (11.1) 35 (11.5)
≥13 596 (10.2) 15 (3.0) 9 (3.0)

Marital status 22.14 <0.001
Single 287 (4.9) 10 (2.0) 6 (2.0)
Married 5266 (90.4) 447 (90.3) 279 (91.8)
Others 275 (4.7) 38 (7.7) 19 (6.2)

Occupations 72.22 <0.001
Manual worker 3096 (53.1) 345 (69.7) 186 (6.2)
Business or service staff 496 (8.5) 13 (2.6) 18 (5.9)
Government official and clerk 121 (2.1) 13 (2.6) 6 (2.0)
Professionals 573 (9.8) 23 (4.6) 23 (7.6)
Jobless 354 (12.5) 27 (8.5) 11 (11.5)
Retiree 462 (6.1) 32 (5.5) 25 (3.6)
Others 726 (7.9) 42 (6.5) 35 (8.2)

Household income (×1000 RMB) 38.76 <0.001
<30 917 (15.7) 97 (19.6) 48 (15.8)
30– 1020 (17.5) 82 (16.6) 54 (17.8)
50– 1088 (18.7) 84 (17.0) 49 (16.1)
100– 462 (7.9) 26 (5.3) 11 (3.6)
≥200 185 (3.2) 3 (0.6) 3 (1.0)
Refuse to answer or don't know 2156 (37.0) 203 (41.0) 139 (45.7)

Type of cooking fuel 30.11 <0.001
Biomass 1111 (19.1) 138 (27.9) 64 (21.1)
Fossil fuel 3905 (67.0) 283 (57.2) 198 (65.1)
Solar energy/electric 618 (10.6) 48 (9.7) 31 (10.2)
Others 194 (3.3) 26 (5.3) 11 (3.6)

Smoking status 16.49 0.011
Nonsmoker 3977 (68.2) 324 (65.5) 187 (61.5)
Former smoker 349 (6.0) 47 (9.5) 19 (6.3)
Current smoker (< 1 cigarette/day) 132 (2.3) 9 (18.2) 8 (2.6)
Current smoker (≥1 cigarette/day) 1370 (23.5) 115 (23.2) 90 (29.6)

Passive smokinga 10.73 0.218
No 1342 (31.0) 122 (32.9) 57 (27.7)
1–3 days/week 713 (16.5) 55 (14.8) 21 (10.2)
4–6 days/week 265 (6.1) 19 (5.1) 16 (7.8)
Every day 1740 (40.2) 152 (40.9) 96 (46.6)
Don't know 266 (6.1) 23 (6.2) 16 (7.8)

Alcohol consumptionb 46.18 <0.001
No 3521 (60.4) 300 (60.6) 183 (60.2)
<3 days/week 1739 (29.8) 121 (24.4) 69 (22.7)
3–6 days/week 247 (4.2) 21 (4.2) 16 (5.3)
Every day 321 (5.5) 53 (10.7) 36 (11.8)

Family history of diabetes mellitus 2.92 0.232
No 5450 (93.5) 465 (93.9) 277 (91.1)
Yes 378 (6.5) 30 (6.1) 27 (8.9)

Weight change in the past 12months 11.54 0.07
Increase in > 2.5 kg 543 (9.3) 40 (8.1) 13 (4.3)
Unchanged (< 2.5 kg)c 4143 (71.1) 365 (73.7) 228 (75.0)
Decease in > 2.5 kg 543 (9.3) 41 (8.3) 34 (11.2)
Unclear 599 (10.3) 49 (9.9) 29 (9.5)

Actions to control blood pressure 50.68 <0.001
No 5197 (89.2) 404 (81.6) 240 (78.9)
Yes 631 (10.8) 91 (18.4) 64 (21.1)

Actions to control blood lipid 0.11 0.947
No 5643 (96.8) 478 (96.6) 294 (96.7)
Yes 185 (3.2) 17 (3.4) 10 (6.3)

(continued on next page)

T. Liu, et al. Environment International 130 (2019) 104882

4



Table 1 (continued)

Characteristics Controls
N (%)

IFG cases
N (%)

Type 2 diabetes cases
N (%)

χ2 P

Total physical activity (MET/h/week) 13.07 0.110
<20 1542 (26.5) 140 (28.3) 102 (33.6)
20– 1256 (21.6) 98 (19.8) 62 (20.4)
50– 1264 (21.7) 90 (18.2) 57 (18.8)
100– 606 (10.4) 56 (11.3) 29 (9.5)
≥150 1159 (19.9) 111 (22.4) 54 (17.8)

Characteristics Controls (mean ± SD) IFG cases (mean ± SD) Type 2 diabetes cases (mean ± SD) F/χ2 P

PM2.5 (μg/m3)d 36.9 ± 4.7 37.5 ± 4.2 37.2 ± 4.5 5.39 0.020
PM1 (μg/m3)d 32.0 ± 4.2 32.6 ± 3.7 32.4 ± 4.0 6.28 0.012
NO2 (μg/m3)d 26.2 ± 12.8 22.5 ± 10.0 23.5 ± 10.5 40.24 <0.001
SO2 (μg/m3)d 15.8 ± 3.8 15.5 ± 3.6 15.9 ± 3.7 0.28 0.597
O3 (μg/m3)d 56.0 ± 6.6 57.0 ± 4.9 56.4 ± 6.0 6.03 0.014
CO (μg/m3)d 0.97 ± 0.12 0.95 ± 0.11 0.96 ± 0.12 14.00 <0.001
BMI (kg/m2) 23.1 ± 3.4 24.3 ± 3.7 27.8 ± 3.9 108.8 <0.001
Alpha diversity indices of gut microbiota
Shannon index 4.83 ± 0.89 4.77 ± 0.94 4.66 ± 0.88 10.35 0.001
Chao1 717.2 ± 146.7 726.9 ± 147.5 704.0 ± 148.7 0.35 0.554
Observed OTUs 399.8 ± 77.6 404.8 ± 77.8 390.1 ± 76.3 1.21 0.271
PD whole tree 30.6 ± 4.9 31.1 ± 4.8 30.1 ± 4.8 0.11 0.744

Weekly food consumption (medium (IQR))
Grains (g) 2257.7 (1670.3) 2458.1 (1743.4) 2432.7 (1739.8) 15.09f 0.001
Vegetables (g) 1392.1 (1722.1) 1294.4 (1725.8) 1436.4 (1577.5) 4.82f 0.090
Fruit (g) 355.8 (667.3) 217.3 (429.6) 287.1 (480.7) 37.1f < 0.001
Meat products (g) 534.1 (931.7) 435.1 (755.4) 567.2 (802.5) 9.69f 0.008

a Passive smoking status was investigated in nonsmokers and former smokers only.
b Alcohol consumption in the past 12months.
c Weight did not change, or changed< 2.5 kg.
d For two-year prior.
f χ2 value for Kruskal-Wallis rank sum test.

Fig. 1. The associations of chronic exposure to PM2.5

and PM1 (per IQR increase) with risks of IFG and
type 2 diabetes.
Model I: Adjusted for sex, age, race, education, oc-
cupation, household income, marital status, type of
cooking fuel, family history of diabetes mellitus,
smoking, passive smoking, alcohol consumption,
BMI, weight change in the past year, blood lipid
control, blood pressure control, season of investiga-
tion, and physical activity.
Model II: Adjusted for covariates in Model I and
weekly consumption of grains, vegetables, fruit, and
meat products.
Model III: Adjusted for covariates in Model II plus
SO2, O3 and CO.
The IQR was 8.03 μg/m3 for long-term exposure to
PM2.5 and 7.30 μg/m3 for PM1.
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3.3. Associations of PM2.5 or PM1 with the diversity of the gut microbiota

Fig. 2 and Table 2 show the associations of PM2.5 and PM1 with the
alpha diversity of the gut microbiota. The single pollutant model re-
vealed that every IQR increase in PM2.5 was negatively associated with
the Shannon (β=−0.067, 95% CI: −0.106, −0.028), Chao1
(β=−12.848, 95% CI: −19.273, −6.424), observed OTUs
(β=−9.005, 95% CI: −12.394, −5.616) and PD whole tree
(β=−0.709, 95% CI: −0.923, −0.495) indices. The associations of

PM1 with alpha diversity were slightly stronger than those of PM2.5. For
example, the β of Chao1 for every IQR increase in PM1 was −13.815
(95% CI: −20.328, −7.302).

3.4. Associations of gut microbiota diversity with risks of IFG and type 2
diabetes

Fig. 3 reveals that increases in all four alpha diversity indices were
associated with lower risks of type 2 diabetes. For example, the ORs for

Fig. 2. The associations of chronic exposure to PM2.5 and PM1 (per IQR increase) with the alpha diversity of the gut microbiota.
Model I: Adjusted for sex, age, race, education, occupation, household income, marital status, type of home cooking fuel, smoking, passive smoking, alcohol
consumption, BMI, weight change in the past year, blood lipid control, blood pressure control, season of investigation, and physical activity.
Model II: Adjusted for covariates in Model I and weekly consumption of grains, vegetables, fruit, and meat products.
Model III: Adjusted for covariates in Model II plus O3 and CO.
Model IV: Adjusted for covariates in Model III and SO2.
The IQR was 8.03 μg/m3 for long-term exposure to PM2.5 and 7.30 μg/m3 for PM1.
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type 2 diabetes were 0.837 (95% CI: 0.738–0.949) and 0.832 (95% CI:
0.723–0.957) for each IQR increase in the Shannon and observed OTUs
indices. Adjustment for PM2.5 or PM1 did not significantly alter these
associations. However, we found no significant associations between
alpha diversity of the gut microbiota when examining the risk of IFG
(Table S5).

3.5. Mediating effects of gut microbiota diversity on the associations of PM
exposure with type 2 diabetes

Mediation analysis indicated that the associations of PM2.5 and PM1

with the risk of type 2 diabetes were partially mediated by gut micro-
biota diversity. For example, 4.66%, 9.87% and 11.57% of the total
effects of PM2.5 were mediated by gut microbiota diversity indicated by
the Shannon, observed OTUs, and PD whole tree indices, respectively,
and the corresponding mediating effects of PM1 were 4.35%, 9.74% and
11.46%, respectively.

Furthermore, we estimated the mediating effects of gut microbiota
diversity at the taxa level. The results showed that 79 (PM2.5 on IFG),
84 (PM2.5 on type 2 diabetes), 83 (PM1 on IFG) and 89 (PM1 on type 2
diabetes) bacteria could partially mediate the associations of PM (PM2.5

and PM1) with IFG and type 2 diabetes, respectively (Fig. 4). The re-
lative abundance of most Firmicutes, Proteobacteria and Verrucomicrobia
bacteria was negatively associated with PM concentrations and risk of
diabetes. However, the directions of the associations of Bacteroidetes
with PM and diabetes were not consistent. For instance, five positive
associations and seven negative associations were found between Bac-
teroidetes abundance and PM1 concentrations. In addition, the number
of gut bacteria mediating the associations of PM with IFG was smaller
than that meditating the effects on type 2 diabetes, and the number of
gut bacteria mediating the effects of PM2.5 was also less than the
number mediating the effects of PM1 (Tables S6, S8–S11).

3.6. Sensitivity analyses

The sensitivity analyses show that adjustment for NO2 exposure,
which was closely correlated with PM2.5 (r= 0.52) and PM1 (r= 0.51),
strengthened the associations of PMs with the risks of IFG and type 2
diabetes. In addition, if type 2 diabetes was diagnosed using the
American Diabetes Association criteria, 484 (7.3%) and 330 (5.0%)
participants were diagnosed with IFG and type 2 diabetes, respectively,
and the effects of PMs did not change substantially (Table S7).

4. Discussion

In this study, our findings demonstrated that long-term exposure to
PM2.5 and PM1 was associated with increased risks of both IFG and type
2 diabetes, and the alterations in gut microbiota diversity may partially
mediate the effects of PM. To the best of our knowledge, this is the first
epidemiological study that provided evidence of the mediating role of
gut microbiota diversity alterations in the associations between air
pollution exposure and diabetes in China. Additionally, this study adds
to a very limited number of studies examining the associations among
air pollution exposure, gut microbiome and diabetes. Our findings
highlight the implications of potentially applying biological tools as-
sociated with the gut microbiota to prevent or treat air pollution-in-
duced type 2 diabetes (Kootte et al., 2012).

The associations of ambient PM2.5 exposure with diabetes have been
well studied in developed countries (Wang et al., 2014). A meta-ana-
lysis revealed that each 10 μg/m3 increase in long-term exposure to
PM2.5 was associated with a 39% (95% CI: 14%–68%) increase in the
risk of type 2 diabetes (Wang et al., 2014). PM2.5 exposure was also
significantly associated with IFG in nondiabetic participants (Peng
et al., 2016). In accordance with these studies, we also observed sig-
nificant associations of long-term exposure to PM2.5 with the risks of
IFG and type 2 diabetes. In contrast, very few studies have investigated
the associations of PM1 with the risks of IFG and type 2 diabetes. Yang
et al. examined the associations of PM1 with diabetes and glucose-
homeostasis markers in a northern Chinese population. They observed
that individuals with high PM1 exposure had an increased risk of dia-
betes and higher concentrations of fasting glucose, 2 h glucose and 2 h
insulin (Yang et al., 2018), which was confirmed by our findings.
Furthermore, we found that the effects of PM1 on diabetes were slightly
more pronounced than those of PM2.5, which is consistent with our
previous findings that smaller particles were more toxic to human
health (Lin et al., 2016). The reason for this difference is that ultrafine
particles have the potential to cross the epithelium directly and enter
systemic circulation. Moreover, with the same mass concentration, PM1

have more particles and a larger active surface area than PM2.5 and thus
could carry more toxins, including organic compounds, and transition
metals (Chuang et al., 2007).

The exact biological mechanisms of PM inducing diabetes are still
not clear. Previous studies have proposed several plausible mechan-
isms, including oxidative stress, proinflammatory-related mechanisms,
inflammation and autonomic nervous imbalance (Rajagopalan and
Brook, 2012). Recent experimental and epidemiological studies have
suggested that gut microbiota diversity alteration may be another

Table 2
The associations of chronic exposure to PM2.5 and PM1 (per IQR increase) with the alpha diversity of the gut microbiota.

β (95CI%)

Shannon Chao 1 Observed OTUs PD whole tree

PM2.5 (IQR:8.03 μg/m3)
Model I −0.087 (−0.125, −0.049) −15.511 (−21.743, −9.280) −10.567 (−13.856, −7.278) −0.796 (−1.003, −0.588)
Model II −0.067 (−0.106, −0.028) −12.848 (−19.273, −6.424) −9.005 (−12.394, −5.616) −0.709 (−0.923, −0.495)
Model III −0.044 (−0.087, −0.001) −18.336 (−25.333, −11.340) −9.377 (−13.073, −5.681) −0.658 (−0.891, −0.425)
Model IV −0.002 (−0.048, 0.045) −19.982 (−27.650, −12.314) −9.949 (−14.001, −5.898) −0.745 (−1.001, −0.489)

PM1 (IQR:7.30 μg/m3)
Model I −0.090 (−0.128, −0.051) −16.467 (−22.786, −10.147) −11.226 (−14.561, −7.892) −0.854 (−1.065, −0.644)
Model II −0.070 (−0.109, −0.030) −13.815 (−20.328, −7.302) −9.676 (−13.111, −6.240) −0.769 (−0.986, −0.553)
Model III −0.047 (−0.090, −0.004) −19.640 (−26.740, −12.540) −10.185 (−13.934, −6.435) −0.728 (−0.965, −0.492)
Model IV −0.006 (−0.053, 0.041) −21.320 (−29.055, −13.586) −10.809 (−14.895, −6.723) −0.820 (−1.078, −0.562)

Model I: Adjustment for sex, age, race, education, occupation, household income, marital status, type of home cooking fuel, smoking, passive smoking, alcohol
consumption, BMI, weight change in the past one year, blood lipid control, blood pressure control, physical activity, and season of investigation.
Model II: Adjustment for covariates in Model I and weekly consumption of grains, vegetables, fruit, and meat products.
Model III: Adjustment for covariates in Model II, O3 and CO.
Model IV: Adjustment for covariates in Model III and SO2.
We did not adjust for NO2 in the models due to its close correlations with PM2.5 and PM1.
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important mechanism. Ultrafine particles can enter systemic circulation
and further penetrate into the intestinal epithelia via M cells on Peyer's
patches and through enterocytes (Lai et al., 2009). It has also been
suggested that ambient particles may reach the intestine through the
ingestion of inhaled particles following mucociliary clearance from the
airway (Salim et al., 2014). Ambient particles could decrease gut bar-
rier integrity, increase bacterial translocation, and induce intestinal and
systemic inflammatory responses and oxidative stress (Alderete et al.,
2018; Salim et al., 2014), which may lead to changes in SCFA pro-
duction and hence increase the risks of metabolic diseases (Kish et al.,
2013; Harsch and Konturek, 2018). In our study, we observed that both
PM2.5 and PM1 were negatively associated with all four alpha diversity
indices of the gut microbiota, while a lower diversity of the gut mi-
crobiota was associated with a higher risk of type 2 diabetes. In addi-
tion, mediation analyses showed that the associations of PM with type 2
diabetes were partially mediated by the diversity of the gut microbiota.
These results confirmed the findings from a recent animal study, which
also revealed that both richness and diversity of the gut microbiota can
partially mediate the risk of diabetes induced by PM2.5 exposure
(Karlsson et al., 2013). In contrast, we did not observe significant
mediating effects of gut microbiota alteration on the associations of
PMs with IFG due to the weak associations between the diversity of the
gut microbiota and IFG, which indicates that the effect patterns of the
gut microbiota may vary in different phases of diabetes. In addition, we
did not find a significant association of gut microbiota richness, as es-
timated by the Chao1 index, with type 2 diabetes, which is consistent
with the findings of previous studies (Larsen et al., 2010), indicating
that richness indices of the gut microbiota might be weak predictors of
diabetes.

In addition to the diversity of the gut microbiota, the present study
also calls attention to the roles of some specific bacteria which may
partially mediate the associations of PMs with diabetes. The majority of
Firmicutes, Proteobacteria and Verrucomicrobia bacteria were negatively
associated with both PM concentrations and the risk of diabetes. More
attention should be paid to Firmicutes bacteria because Firmicutes bac-
teria, such as Lachnospiraceae and Clostridiaceae, mediated> 10% of
the total effects of PMs on type 2 diabetes. These findings indicated that
Firmicutes bacteria may play crucial roles in the pathway of PMs leading
to type 2 diabetes, which was consistent with the results of several
previous studies (Karlsson et al., 2013; Larsen et al., 2010). Firmicutes
bacteria, especially Clostridia, are butyrate producing bacteria, whose
decrease could lead to a decreased level of butyrate, which is a kind of
SCFA. SCFAs are not only an important energy source but also play an
important role in the regulation of food and energy intake (Hur and Lee,
2015). SCFAs can stimulate the secretion of peptide YY (PYY) and
glucagon-like peptide 1 (GLP-1) and intestinal gluconeogenesis (IGN),
which has positive effects by reducing food and energy intake, im-
proving insulin sensitivity and inhibiting fat accumulation in adipose
tissue (Harsch and Konturek, 2018; Gao et al., 2009). In addition, bu-
tyrate is an essential fatty acid for colonocytes and mucosal immune
cells, and a depletion of butyrate is commonly associated with a de-
crease in barrier function and increased susceptibility to mucosal in-
flammation (Nicholson et al., 2012). We also found that Verrucomi-
crobia, dominated by the Akkermansia genus, was negatively associated
with the risk of IGF and mediated the effects of PM. Previous studies
have also revealed a decrease in Akkermansia in individuals with obe-
sity and diabetes (Everard et al., 2013). It has been observed that

Akkermansia can improve glucose metabolism by mediating the nega-
tive effects of IFNγ on the host (Greer et al., 2016). These findings
further demonstrate that Akkermansia is an important beneficial bac-
terium for host metabolism.

The role of Bacteroidetes bacteria in the mechanism of PM leading to
diabetes seems unclear in the present study. Among the 19 Bacteroidetes
bacteria with significant mediating effects, the abundance of 5 was
negatively associated with PM1 concentration and diabetes risk, while
the other 14 had positive associations. Qin et al. observed enriched
Bacteroidetes in patients with type 2 diabetes compared with controls
(Qin et al., 2012). However, Karlsson et al. found a lower abundance of
Bacteroidetes in patients with type 2 diabetes, and Bacteroidetes were
negatively associated with fasting glucose, insulin and HbAlc, in-
dicating the beneficial effects of Bacteroidetes (Karlsson et al., 2013).
The inconsistent results indicate the complex effects of Bacteroidetes on
diabetes. However, Bacteroidetes is one of the several bacteria that are
numerically dominant in the human gut microbiota (Diamant et al.,
2011). Therefore, more studies are needed in the future to further il-
luminate their effects and mechanisms.

Compared with PM1, the results show a similar spectrum of bac-
terial taxa mediating the associations of PM2.5 with type 2 diabetes, but
the number of taxa was lower, which also indicates the more toxic ef-
fects of PM1. In addition, we found less bacterial taxa mediating the
associations of PM with IFG risk than on type 2 diabetes risk, which
further demonstrates that the mediating effects of the gut microbiota
might vary in different phases of the development of diabetes.

4.1. Strengths and limitations

This study has several strengths that could improve the robustness
of our findings. First, this is the largest Eastern-population-based gut
microbiome dataset, which ensures the adequate statistical power to
test the associations among air pollution, the gut microbiome and the
risk of diabetes. Second, a spatiotemporal LUR model was employed to
estimate the long-term exposure to PMs of each individual, which could
decrease the risk of misclassification bias. Third, the large sample size
allowed us to adequately adjust for many covariates, including demo-
graphic characteristics, socioeconomic status, indoor air pollution,
lifestyle behaviors, dietary intake, genetic background, other chronic
diseases, and other air pollutants. These covariates are also important
factors related to diabetes and the gut microbiome. For example, it has
been demonstrated that dietary fiber could increase the diversity and
abundance of SCFA-producing bacteria and decrease glucose levels
(Zhao et al., 2018).

Several limitations should also be considered when interpreting the
results. First, our study is a cross-sectional study; hence, we cannot
describe the causality between PM, the gut microbiota and diabetes.
Second, previous studies have suggested that SCFAs, such as butyrate,
might be the key factor of gut dysbiosis leading to diabetes. However,
we did not assay the concentrations of SCFAs in the participants.

5. Conclusions

This study demonstrated that long-term exposure to PM may in-
crease the risks of IFG and type 2 diabetes and decrease the diversity of
the gut microbiota. The alterations in the gut microbiota partially ex-
plained the associations of PM with diabetes risk. These findings can

Fig. 3. The associations of the alpha diversity of the gut microbiota (per IQR increase) with risks of IFG and type 2 diabetes.
Model I: Adjusted for sex, age, race, education, occupation, household income, marital status, type of home cooking fuel, family history of diabetes mellitus, smoking,
passive smoking, alcohol consumption, BMI, weight change in the past year, blood lipid control, blood pressure control, season of investigation, and physical activity.
Model II: Adjusted for covariates in Model I and weekly consumption of grains, vegetables, fruit, and meat products.
Model III: Adjusted for covariates in Model II and PM2.5 exposure.
Model IV: Adjusted for covariates in Model II and PM1 exposure.
The IQR was 1.17 for the Shannon index, 199.91 for the Chao 1 index, 107.0 for the observed OTUs, and 6.76 for the PD whole tree.
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extend our understanding of the mechanism of air pollution inducing
diabetes.
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Fig. 4. The mediating effects (%, proportion mediated) of bacterial taxa on the associations of PM (PM2.5 and PM1) exposure with the risk of type 2 diabetes.
Note: Only the bacterial taxa with mediating effects equal to or> 1.0% are presented due to the limited space. Detailed information on all bacterial taxa can be seen
in Tables S5 and S7–S10.
The mediation analyses adjusted for sex, age, race, education, occupation, household income, marital status, type of home cooking fuel, family history of diabetes
mellitus, smoking, passive smoking, alcohol consumption, BMI, weight change in the past year, blood lipid control, blood pressure control, physical activity, season of
investigation, and weekly consumption of grains, vegetables, fruit, and meat products.
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