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A B S T R A C T

The association between different air pollutants and Type 2 Diabetes Mellitus (T2DM) is a growing topic of 
interest in public health research. This umbrella review and meta-analysis aimed to consolidate current literature 
on the association between various outdoor air pollutants and T2DM. Subgroups and dose-response relationships 
were also analyzed to further quantify the association, especially by the factors such as the type of pollutants, 
duration of exposure, and geographical variation, etc. A thorough literature search of three databases revealed a 
total of 71 records for umbrella review and 1524 records for meta-analysis where 8 studies were included in the 
final review of umbrella review and 46 studies for meta-analysis. The evaluation of the study’s quality in um
brella review and meta-analysis were conducted using the AMSTAR 2 criteria and the Newcastle-Ottawa Scale 
(NOS), respectively. Exposure to Particulate Matter (PM) 2.5, PM10, Nitrogen dioxides (NO2) and Ozone (O3) 
were significantly associated with the risk of T2DM [OR = 1.12 (95% Confidence Interval (CI): 1.09, 1.15), 1.12 
(95% CI: 1.06, 1.18), 1.09 (95%CI: 1.07, 1.12), 1.05 (95%CI: 1.03, 1.08), respectively] and subgroup analysis 
further revealed that PM2.5, PM10, and NO2 associations were confounded by factors such as ages, study design, 
regions of exposure and air pollution concentration levels. Lastly, only exposure to PM10 had a significant dose- 
response relationship with the risk of T2DM (p-value = 0.000). These findings further emphasized the need for 
standardized methods in conducting air pollution research and additional research on other air pollutants to 
further explore the relationships between these air pollutants and T2DM.

1. Introduction

One of the biggest threats to global health is air pollution which has a 
major impact on health among people. There are many different sources 

of air pollution, including the burning of fossil fuels, automobile emis
sions, and industrial facilities. Regardless of the duration of exposure, air 
pollution can have a highly negative impact on human health. Chronic 
exposure to air pollution can cause cancer, neurological disorders, 
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cardiovascular diseases, respiratory conditions, and even early death. 
(National Institute of Environmental Health Sciences, 2001; Manisalidis 
et al., 2020).

Additionally, the increasing incidence of T2DM, a chronic health 
condition marked by elevated blood glucose levels and insulin resis
tance, in regions exposed to high levels of air pollution is becoming a 
significant health concern in many countries. (International Diabetes 
Federation, 2021; Bowe et al., 2018). Recent evidence implied that 
prolonged exposure to air pollution could partially lead to the onset of 
T2DM later in life. It is believed that the presence of particulate matter 
such as PM2.5 and other hazardous air pollutants in the blood steam 
may lead to the inducement of systemic inflammation and the inter
ference with insulin signaling, which resulting in poor glucose meta
bolism, the development of insulin resistance and consequently the 
onset of diabetes later in life (Rajagopalan and Brook, 2012; Bowe et al., 
2018).

An increasing amount of research indicated that air pollution was 
positively associated with a higher risk of type 2 diabetes. The impor
tance of air pollutants like PM2.5, PM10 and NO2 were found to be 
strongly connected to T2DM prevalence, whereas PM2.5 was found to be 
substantially linked to T2DM incidence. Additionally, it was discovered 
that prolonged exposure to outdoor air pollution was substantially 
linked to a higher risk of diabetes complications and death (Eze et al., 
2015a; Liu et al., 2019a; Park et al., 2015; Wu et al., 2022; Yang et al., 
2020). Nevertheless, despite the convincing data supporting the asso
ciation between T2DM and air pollution, there are difficulties that need 
to be addressed. Research studies frequently encountered challenges 
related to confounding variables and methodological variances, which 
had influenced the magnitude of the observed relationships and led to 
bias (Eze et al., 2015a; Liu et al., 2019a; Yang et al., 2020). Several 
unresolved issues remained in the existing literature. Numerous 
meta-analyses and systematic reviews found a strong correlation be
tween the incidence of type 2 diabetes and air pollutants such NO2, 
PM2.5, and PM10 (Eze et al., 2015a; Liu et al., 2019a; Yang et al., 2020). 
However, these studies often vary in their methodological quality, 
leading to inconsistent results (Eze et al., 2015a; He et al., 2017). Key 
issues included the differences in study populations, the air pollution 
measurement techniques, and the adjustment for confounding variables 
such socioeconomic status and age, and pre-existing health conditions 
(Balti et al., 2014; Yang et al., 2020). Furthermore, the types of pollut
ants studied and the exposure durations reported were not consistent 
across the literature, limiting the comparability of these results (Wang 
et al., 2014a; Chen et al., 2022a). The significant variation in the results, 
which made it challenging to derive reliable conclusions from these 
investigations, was another significant issue (Liu et al., 2019a; Yang 
et al., 2020). Some studies reported stronger associations in certain 
populations or regions, while others failed to find significant effects from 
the same regions (Eze et al., 2015a; Janghorbani et al., 2014). This 
variation may be attributed to differences in study design, such as cohort 
versus cross-sectional studies, or discrepancies in T2DM diagnosis and 
reports across studies (He et al., 2017; Wang et al., 2014a). These dis
crepancies made it clear that a more thorough and organized synthesis 
of the existing data was required.

An umbrella review provided a solution to these challenges by syn
thesizing evidence across multiple systematic reviews and meta- 
analyses. It enabled a higher-level evaluation of existing literature, 
consolidating findings while accounting for variations in study quality 
and methodology. By critically assessing the methodological rigor and 
consistency across studies, an umbrella review could help address the 
heterogeneity in findings and identified gaps that require further 
investigation. This approach also facilitated the detection of overarching 
trends and more reliable conclusions, offering a better understanding of 
the relationship of the relationship between outdoor air pollution and 
T2DM.

Therefore, this research focused on the correlation between exposure 
to air pollutants and the probability for developing type 2 diabetes in the 

general population through synthesizing and analyzing the current body 
of literature. This will be achieved through two separate complementary 
methods: an umbrella review of published meta-analyses and a sys
tematic review and meta-analysis of published primary studies. By 
combining these approaches, the study not only clarified the existing 
evidence but also highlighted areas where further research is needed to 
better understand the relationship between outdoor air pollution and 
T2DM.

2. Material and methods

This research focused on the association between outdoor air 
pollution exposure and the risk of T2DM. The study consisted of two 
parts: 1) a systematic umbrella review of published meta-analysis 
studies on the effect of main air pollutants (i.e., PM2.5, PM10, and 
NO2) on T2DM and 2) a systematic review and meta-analysis of pub
lished primary studies to obtain up-to-date results with more power 
from a larger sample size.

Our study registered the protocol at PROSPERO (registration no. 
CRD42023452605) and formatted in compliance with the Synthesis 
Without Meta-analysis in Systematic Reviews: Reporting Guideline 
(Campbell et al., 2020) and the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) 2020 statement (Page et al., 
2021).

2.1. Search strategy

The literature search was conducted from the start through 
September 30, 2023 with three electronic databases: PubMed, Science
Direct, and Google Scholar. The literature search has no language re
strictions. The following search terms were used for both an umbrella 
review’s and a systematic review & meta-analysis’s literature search: ‘air 
pollution’, ‘particulate matter’, ‘particles’, ‘PM2.5’, ‘PM10’, ‘black car
bon’, ‘NO2’, ‘NOx’, ‘O3’, ‘diabetes mellitus’, ‘diabetes’, ‘type 2 diabetes’, 
‘glucose’, ‘insulin resistance’, ‘impaired glucose tolerance’, and ‘gly
cated haemoglobin (HbA1c)’. For an umbrella review, the term ‘meta- 
analysis’ was also included. Furthermore, a manual search was con
ducted of the included articles’ reference lists and relevant articles.

2.2. Study selection and eligibility criteria

The potential studies were screened for duplication and all duplica
tion studies were removed. Then, the title and the abstract of the 
remaining studies were reviewed for eligibility. Full-text article reading 
was also performed in cases the title or the abstract of the potential 
studies did not provide clear information. Studies were included in an 
umbrella review and a systematic review & meta-analysis if the studies 
met the following criteria:

2.2.1. Umbrella review
Studies were incorporated if the published research was: 1) a sys

tematic review with meta-analysis, 2) meta-analysis studies that showed 
pooled results of selected effect estimates [i.e., Risk Ratios (RRs), Odd 
Ratios (ORs), or Hazard Ratios (HRs)] with 95% confidence intervals 
(95% CI), and 3) had a comparison of exposure (exposed or not exposed 
to outdoor air pollution) with an outcome (T2DM incidence, T2DM 
prevalence, or risk of T2DM). Studies were excluded if the studies 
focused on indoor air pollution or conducted in type 1 diabetes mellitus 
patients, diabetes during pregnancy, or diabetes mortality.

2.2.2. Systematic review and meta-analysis
Studies have been included if the published research was: 1) focusing 

on the association between T2DM cases (T2DM incidence, T2DM prev
alence, or risk of T2DM) and an outdoor air pollution exposure, 2) were 
cross-sectional, case-control, or cohort studies, and 3) providing the 
following effect estimates: Relative risks (RRs), Odd ratios (ORs), or 
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Hazard ratios (HRs), with their corresponding 95% confidence intervals 
(95% CI). Studies were excluded if the studies focused on indoor air 
pollution, type 1 diabetes mellitus, gestational diabetes, or diabetes 
mortality. Review, case reports, letters, registration of trials, or confer
ence abstracts without full-text articles were also excluded from the 
study.

2.3. Data extraction and quality assessment

Two researchers (NP and NS) separately extracted the data, while a 
third researcher (SS) decided on the conflicts.

2.3.1. Umbrella review
The eligible studies’ information was extracted according to the 

Joanna Briggs Institute Reviewers’ Manual 2014 edition (Aromataris 
et al., 2014) guideline and A Measurement Tool to Assess Systematic 
Reviews (AMSTAR) 2 was used to evaluate the studies’ methodological 
quality (Shea et al., 2017). The studies ranged from High to Critically 
Low.

2.3.2. Systematic review and meta-analysis
The following information was extracted from the eligible studies: 

the authors, publication year, country, study design, participants’ 
baseline characteristics, study design, air pollutant exposure assessment 
and estimates, time of exposure/follow-up, DM case diagnosis/defini
tion, and results/main findings.

The studies’ methodological quality was assessed using The New
castle Ottawa Scale (NOS). The scale was based on three criteria [Se
lection of the study, Comparability of the groups, and Ascertainment of 
outcome/exposure] with a maximum score of 9 for cohort studies and 10 
for cross-sectional studies (Wells et al., 2014). Only studies with a score 
more than 5 (fair or good quality) were included in this study’s final 
analysis.

2.4. Data synthesis and statistical analysis

2.4.1. Umbrella review
The eligible studies were reviewed in full text to provide a summary 

of the eligible studies’ results. The overall quality of evidence of eligible 
studies were assessed using the Grading of Recommendations, Assess
ment, Development, and Evaluations (GRADE) criteria (Langendam 
et al., 2013). For this study, the criteria was based on one outcome, the 
diabetes cases among all groups. The strength of evidence [High, Mod
erate, Low, and Very low] was graded using GRADEpro software version 
3.6.1 (McMaster University, 2021) The process was assessed by two 
independent researchers (NP and NS) and the conflicts were adjudicated 
by a third researcher (SS). No further analysis was conducted to syn
thesize the results of these studies.

2.4.2. Systematic review and meta-analysis
The fully adjusted pooled/overall ORs with 95% CI from the primary 

studies were used to assess the effect of outdoor air pollution exposure 
on the T2DM risk. If the primary studies reported the effect estimates 
other than ORs (i.e., HRs and RRs), the effect estimates were converted 
to ORs for consistency using the following equations (Saokaew et al., 
2021):

RR = OR
(1− r)+(r*OR) and HR = ln(1− RR*r))

ln(1− r)

where “r” is the incidence rate of the control group, which was the 
diabetes cases among the population that was not exposed to outdoor air 
pollution.

To address the possible differences in included primary studies (e.g., 
participant’s ages, study design, exposure assessment, DM cases diag
nosis, etc.), the random-effects model method, which based on the 
inverse-variance approach, was applied to synthesize the pooled esti
mates from these primary studies. The z-test with an alpha value of 0.05 

was used to test the pooled estimates’ significance (Deeks et al., 2023).
The between-study heterogeneity was also performed using Cochran 

Q statistics and I2 test, with an alpha value of 0.05. A funnel plot and the 
Egger test were conducted to test the publication bias. If it was neces
sary, the trim-and-fill method was also used to further adjust the overall 
effect estimates (Sterne et al., 2011; Rothstein et al., 2005; Shi and Lin, 
2019).

Sensitivity and subgroup analyses were performed using pooling 
models (random effects model vs. fixed effects model). The study design, 
area of exposure, ages of participants, DM cases diagnosis, air pollution 
concentration levels, and the duration of exposures were also evaluated 
in the subgroup analysis. The subgroup analyses were only conducted 
for outdoor air pollutants exposure that had included primary studies of 
more than 10 studies. All analyses were performed using STATA (Stata 
Corp, 2015) and a p-value of less than 0.05 was considered as statisti
cally significant.

2.4.2.1. Dose-response analysis. The relationship between outdoor air 
pollutants’ concentration levels (i.e., PM2.5, PM10, and NO2) and the 
risk of T2DM was further explored using a statistical approach called 
“restricted cubic splines”. This method is commonly used for exploring 
complex, non-linear associations that are often observed in environ
mental health studies (Harrell, 2010).

Basically, the adjusted pooled OR estimates and the 95% CIs from the 
primary studies were first converted into its natural logarithm form to be 
used in the analysis. This was crucial because it helped normalize and 
reduce the potential skewness in the analysis. Then the weight was 
assigned to each study converting from its standard error. This weight 
assignment helped ensuring that the studies with more precise estimates 
had a greater influence on the overall analysis. Three knots were 
selected and assigned for the goodness of the model fit (Harrell, 2010; 
Lusa and Ahlin, 2020). Finally, the weighted linear regression model 
with the generated spline terms was computed for the analysis with log 
ORs as a dependent variable and the average air pollutants’ concen
tration levels from the primary studies as an independent variable.

3. Results

3.1. Umbrella review

A total of 71 publications were identified across three databases. 
After the screening process, 61 publications were excluded due to being 
duplicated or irrelevant to the study. A total of ten eligible publications 
were included for full-text reading. Only eight publications met this 
study’s inclusion criteria (Balti et al., 2014; Chen et al., 2022a,b; Eze 
et al., 2015a,b; He et al., 2017; Janghorbani et al., 2014; Liu et al., 
2019a,b; Wang et al., 2014; Yang et al., 2020) and were included in the 
final analysis (Fig. 1). As a result, a test for publication bias in this 
umbrella review section was not performed due to small numbers of 
studies (had less than ten studies).

3.1.1. Characteristics of the included studies
The included studies consisted of seven systematic review and meta- 

analyses (SRMA) and one meta-analysis (MA) of cohort studies. The air 
pollutants exposure examined in these studies included PM2.5, PM10, 
NO2, O3, Sulfur dioxide (SO2), and Sulfate (SO4). The outcomes were 
reported as either DM incidence or prevalence or a combination of both, 
with some also reported T2DM deaths in the study. Numbers of primary 
studies included in these SRMAs, and MA ranged between 8 and 30 
studies, with Chen et al. (2022a,b) study having the lowest primary 
studies included in their analysis and Liu et al., 2019a,b study having the 
highest primary studies included. Due to the small numbers of primary 
studies included, one study did convert some of its air pollutant esti
mates into another air pollutant estimate for consistency (i.e., PM10 to 
PM2.5 estimates and NOx to NO2 estimates) [Balti et al., 2014].
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Based on AMSTAR 2 criteria, 2 of the included studies were rated 
high (Balti et al., 2014 & Yang et al., 2020), 5 were rated moderate (Eze 
et al., 2015a,b; He et al., 2017; Janghorbani et al., 2014; Liu et al., 
2019a,b; Wang et al., 2014), and one was rated critically low (Chen 
et al., 2022a,b). Due to this assessment, most of the studies except one 
was rated as either High or Moderate in the GRADE ratings, suggesting a 
good level of confidence in their findings and greatly enhanced the 
credibility and dependability of their conclusions. Overall, most of the 
studies had covered the important factors that were adhered to the 
AMSTAR 2 criteria such as having a clearly defined PICO (Population, 
Intervention, Comparator, Outcome) structure, comprehensive litera
ture searches, a suitable procedure to assess the risk of bias (RoB), and 
the mentions of heterogeneity. But some studies were lacking in certain 
areas such as the lack of sufficient publication bias test and the mention 
of potential conflicts of interest and funding sources, which are essential 
in guaranteeing the impartial and transparent of research.

The summarized characteristics of the included studies and the 
completed details of AMSTAR 2 quality assessment are presented in 
Table 1 and Supplementary Table S1, respectively.

3.1.2. p.m.2.5
All included studies reported the association between PM2.5 expo

sure and the risk of T2DM. All of the included studies except two studies 
(Janghorbani et al., 2014 & Wang et al., 2014) had reported that PM2.5 

exposure was significantly associated with T2DM incidence with HRs of 
either 1.10 or 1.11 [Balti et al. (2014), HR = 1.11 (95% CI: 1.02, 1.20); 
Yang et al. (2020), HR = 1.10 (95% CI: 1.05, 1.16); and Liu et al. (2019a, 
b), HR = 1.10 (95%CI: 1.06, 1.14)] and RRs of 1.11 (95%CI: 1.01, 1.21) 
or 1.14 (95%CI: 1.04, 1.25) [Eze et al., 2015a,b & He et al., 2017, 
respectively].

For T2DM prevalence, exposure to PM2.5 was also found to be 
substantially linked to type 2 diabetes prevalence. Two studies (Liu 
et al., 2019a,b & Chen et al., 2022a,b] both reported an OR of 1.10 (with 
95%CI of 1.03, 1.16 and 1.06, 1.15, respectively). One study (Balti et al., 
2014) reported an OR of 1.62 (95%CI: 1.20, 2.04), which was originally 
a PM10 estimate pulled from a primary study that was converted into a 
PM2.5 estimate. Based on these findings, exposure to PM2.5 was 
significantly associated with the risk of developing T2DM.

3.1.3. p.m.10
Out of eight included studies, only four studies reported an associ

ation between PM10 exposure and T2DM (Yang et al., 2020; Liu et al., 
2019a,b; Janghorbani et al., 2014; Wang et al., 2014). Two studies re
ported both HR and OR estimates (Yang et al., 2020 & Liu et al., 2019a, 
b) and two studies reported only RR estimates (Janghorbani et al., 2014
& Wang et al., 2014). Overall, every study except one (Janghorbani 
et al., 2014) has found a significant association between PM10 and 
T2DM.

Fig. 1. PRISMA flow diagram of the umbrella review.

N. Parasin et al.                                                                                                                                                                                                                                 Environmental Research 269 (2025) 120885 

4 



Table 1 
Characteristics of included studies in the umbrella review of outdoor air pollution exposure and the risk of T2DM.

Air 
pollutants

Authors (Year) AMSTAR 
2

Study 
Design

Objective(s)/Aim of the Study No. of Primary Studies 
Included

Results 
[Effect 
Estimates 
(95% CI)]

Heterogeneity (I2 

value; p-value)
GRADE 
Rating

PM2.5 Balti et al. 
(2014)

High SRMA To evaluate and measure the relationship 
between exposure to major air 
contaminants and the risk of type 2 
diabetes

10 HR* = 1.11 
(95% CI: 
1.03, 1.20) 
OR* = 1.62 
(95% CI: 
1.25, 2.10)

I2 = 0.0%; 
P = 0.827 
N/A

High

Yang et al. 
(2020)

High SRMA To measure the relationship between air 
pollution and type 2 diabetes to 
determine whether those with diabetes 
are more susceptible to air pollution

86 [21 on T2DM 
incidence/25 on 
T2DM prevalence]

HR = 1.10 
(95% CI: 
1.04, 1.17) 
OR = 1.08 
(95% CI: 
1.04, 1.12)

I2 = 74.4%; 
P = 0.000 
I2 = 84.3%; 
P = 0.000

High

Janghorbani 
et al. (2014)

Moderate SRMA To determine the health impacts of air 
pollution exposure on the risk of diabetes 
and whether the associations differed 
depending on the kind of pollutant, study 
design, and geographic location

17 [11 on risk of 
diabetes-related 
morbidity (i.e., T2DM 
Incidence and 
Prevalence]

RR = 1.05 
(95% CI: 
0.99, 1.10)

I2 = 43%; 
P = 0.151

Moderate

Wang et al. 
(2014)

Moderate SRMA To evaluate how long-term exposure to 
air pollution affects the risk of type 2 
diabetes.

10 RR = 1.39 
(95% CI: 
1.14, 1.68)

I2 = 86.3%; 
P = 0.001

Moderate

Eze et al. 
(2015)

Moderate SRMA To summarize the findings of research on 
the connection between air pollution and 
type 2 diabetes and to conduct a 
thorough review of epidemiological data 
about this relationship.

13 [7 on T2DM] RR = 1.10 
(95% CI: 
1.02, 1.18)

I2 = 0.0%; 
P = 0.473

Moderate

He et al. 
(2017)

Moderate MA To evaluate the relationship between 
T2DM or GDM and exposure to 
atmospheric PM2.5 levels

11 RR = 1.25 
(95%CI: 1.10, 
1.43)

I2 = 76.5%; 
P = 0.000

Moderate

Liu et al. 
(2019)

Moderate SRMA To investigate the relationship between 
exposure to air pollution and the 
incidence and prevalence of type 2 
diabetes.

30 HR = 1.10 
(95% CI: 
1.04, 1.16) 
OR = 1.09 
(95% CI: 
1.05, 1.13)

I2 = 64%; 
P < 0.001 
I2 = 86%; 
P < 0.001

Moderate

Chen et al. 
(2022a,b)

Critically 
Low

SRMA To provide an overview of the data 
demonstrating the link between air 
pollution exposure and type 2 diabetes in 
developing nations

8 OR = 1.12 
(95% CI: 
1.07, 1.17)

I2 = 76%; 
P = 0.0001

Very Low

PM10 Yang et al. 
(2020)

High SRMA To measure the link between air 
pollution and type 2 diabetes to 
determine whether those with diabetes 
are more susceptible to air pollution

86 [21 on T2DM 
incidence/25 on 
T2DM prevalence]

HR = 1.11 
(95% CI: 
1.00, 1.22) 
OR = 1.10 
(95% CI: 
1.03, 1.17)

I2 = 70.6%; 
P = 0.005 
I2 = 89.5%; 
P = 0.000

High

Janghorbani 
et al. (2014)

Moderate SRMA To determine the health impacts of 
pollution-related air exposure on the risk 
of diabetes and whether the associations 
differed depending on the kind of 
pollutant, study design, and geographic 
location

17 [11 on risk of 
diabetes-related 
morbidity (i.e., T2DM 
Incidence and 
Prevalence]

RR = 1.01 
(95% 
CI:1.003, 
1.013)

I2 = 0.0%; 
P = 0.582

Moderate

Wang et al. 
(2014)

Moderate SRMA To evaluate how prolonged exposure to 
air pollution affects the risk of type 2 
diabetes.

10 RR = 1.34 
(95% CI: 
1.22, 1.47)

I2 = 0%; 
P < 0.001

Moderate

Liu et al. 
(2019)

Moderate SRMA To investigate the relationship between 
exposure to air pollutants and the 
incidence and prevalence of type 2 
diabetes.

30 HR = 1.05 
(95% CI: 
0.98, 1.13) 
OR = 1.12 
(95% CI: 
1.06, 1.19)

I2 = 48%; 
P = 0.11 
I2 = 89%; 
P < 0.001

Moderate

NO2 Balti et al. 
(2014)

High SRMA To evaluate and measure the relationship 
between exposure to major air 
contaminants and the risk of type 2 
diabetes

10 HR* = 1.13 
(95% CI: 
1.04, 1.22) 
OR* = 1.16 
(95% CI: 
1.00, 1.35)

I2 = 36.4%; 
P = 0.208 
I2 = 23.2%; 
P = 0.254

High

Yang et al. 
(2020)

High SRMA to measure the link between air pollution 
and type 2 diabetes to determine whether 
those with diabetes are more susceptible 
to air pollution

86 [21 on T2DM 
incidence/25 on 
T2DM prevalence]

HR = 1.01 
(95% CI: 
0.99, 1.02) 
OR = 1.07 
(95% CI: 
1.04, 1.11)

I2 = 56.1%; 
P = 0.034 
I2 = 91.1%; 
P = 0.000

High

(continued on next page)
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Likewise, PM2.5, PM10 was found to be substantially linked to a 
higher risk of type 2 diabetes. [Incidence: Liu et al. (2019a,b), HR = 1.07 
(95%CI: 1.01, 1.13); Prevalence: Yang et al. (2020), OR = 1.10 (95%CI: 
1.03, 1.17); Liu et al. (2019a,b), OR = 1.11 (95%CI: 1.06, 1.16)].

3.1.4. NO2
For NO2 exposure, six studies reported the association between NO2 

exposure and T2DM (Balti et al., 2014; Yang et al., 2020; Liu et al., 
2019a,b; Janghorbani et al., 2014; Wang et al., 2014; Eze et al., 2015a, 
b). Three studies reported both HR and OR estimates (Balti et al., 2014; 
Yang et al., 2020; Liu et al., 2019a,b) and the other three studies 
(Janghorbani et al., 2014; Wang et al., 2014; Eze et al., 2015a,b) re
ported only RR estimates. NO2 and type 2 diabetes have only been found 
to be significantly correlated in four studies.

In conclusion, exposure to NO2 was substantially linked to a higher 
risk of T2DM [Incidence: Balti et al. (2014), HR = 1.13 (95%CI: 1.04, 
1.22); Eze et al. (2015a,b), RR = 1.07 (95%CI: 1.02, 1.12); Prevalence: 
Yang et al. (2020), OR = 1.07 (95%CI: 1.04, 1.11); Liu et al. (2019a,b), 
OR = 1.06 (95%CI: 1.04, 1.08)].

3.1.5. Other air pollutants
Only one study (Janghorbani et al., 2014) had reported the relation 

among another air pollutants (i.e., O3, SO2, and SO4) and T2DM. 
Similar to the others, T2DM was significantly associated with O3, SO2, 
and SO4, but SO2 and SO4 exposure had a weaker association with their 
estimates were borderline statistically insignificant [O3, RR = 1.07 
(95%CI: 1.05, 1.09); SO2, RR = 1.05 (95% CI:1.012, 1.079); SO4, RR =
1.04 (95% CI:1.012, 1.079)].

3.2. Systematic review and meta-analysis

Database searching turned up a total of 1524 records and 1460 re
cords were excluded due to being duplicated or irrelevant to the current 
study. 37 research have been excluded because they did not fit the re
quirements for inclusion. In the end, 27 studies were identified as 
eligible for the analysis. Additionally, 21 records were identified 
through manual searching of the included articles’ citation lists and two 
were excluded due to the studies not meeting the inclusion criteria. 
Finally, 46 studies were included in the final analysis (Fig. 2).

For an air pollution exposure, PM2.5, PM10, and NO2 exposure were 
the most common types of exposure reported in these studies. Never
theless, multiple studies have also reported the association with the 
other main air pollutants (e.g., PM1, NOx, SO2, and O3). The included 
studies comprised a diverse range of countries from different regions, 
such as the USA, China, Canada, Denmark, Sweden, Taiwan, Iran, Ger
many, Italy, Malaysia, Indonesia, and the Netherlands. Most studies had 
either cohort or cross-sectional designs as their methodology. Exposure 
assessment was also varied across studies with the tools such as land-use 
regression, satellite-based estimates, or data from environmental 
agencies, were mostly used in these studies. The duration of exposure 
also varied considerably throughout the studies, spanning from a few 
months to more than three decades. The participant demographics in 
these studies exhibited a wide range of characteristics with multiple 
studies only included a certain group of participants such as elderly 
population, female population, or only African American women pop
ulation, etc. T2DM cases were diagnosed based on methods such as 
fasting plasma glucose tests, self-reported physician diagnosis, hospital 

Table 1 (continued )

Air 
pollutants 

Authors (Year) AMSTAR 
2 

Study 
Design 

Objective(s)/Aim of the Study No. of Primary Studies 
Included 

Results 
[Effect 
Estimates 
(95% CI)] 

Heterogeneity (I2 

value; p-value) 
GRADE 
Rating

Janghorbani 
et al. (2014)

Moderate SRMA To determine the health impacts of air 
pollution exposure on the risk of diabetes 
and whether the associations differed 
depending on the kind of pollutant, study 
design, and geographic location

17 [11 on risk of 
diabetes-related 
morbidity (i.e., T2DM 
Incidence and 
Prevalence]

RR = 1.04 
(95% CI: 
1.01, 1.08)

I2 = 71.9%; 
P = 0.001

Moderate

Wang et al. 
(2014)

Moderate SRMA To evaluate how long-term exposure to 
air pollution affects the risk of type 2 
diabetes.

10 RR = 1.11 
(95% CI: 
1.07, 1.16)

I2 = 43.6%; 
P < 0.001

Moderate

Eze et al. 
(2015)

Moderate SRMA To summarize the findings of research on 
the connection between air pollution and 
type 2 diabetes and to conduct a 
thorough review of epidemiological data 
about this relationship.

13 [7 on T2DM] RR = 1.08 
(95% CI: 
1.00, 1.17)

I2 = 58.4%; 
P = 0.025

Moderate

Liu et al. 
(2019)

Moderate SRMA To investigate the relationship between 
exposed to air pollutants and the 
incidence and prevalence of type 2 
diabetes.

30 HR = 1.02 
(95% CI: 
0.99, 1.05) 
OR = 1.05 
(95% CI: 
1.03, 1.08)

I2 = 94%; 
P < 0.001 
I2 = 77%; 
P < 0.001

Moderate

O3 Janghorbani 
et al. (2014)

Moderate SRMA To determine the health impacts of air 
pollution exposure on the risk of diabetes 
and whether the associations differed 
depending on the kind of pollutant, study 
design, and geographic location

17 [11 on risk of 
diabetes-related 
morbidity (i.e., T2DM 
Incidence and 
Prevalence]

RR = 1.07 
(95% CI: 
1.05, 1.09)

I2 = 0.0%; 
P = 0.961

Moderate

SO2 Janghorbani 
et al. (2014)

Moderate SRMA To determine the health impacts of air 
pollution exposure on the risk of diabetes 
and whether the associations differed 
depending on the kind of pollutant, study 
design, and geographic location

17 [11 on risk of 
diabetes-related 
morbidity (i.e., T2DM 
Incidence and 
Prevalence]

RR = 1.05 
(95% 
CI:1.012, 
1.079)

I2 = 0.0%; 
P = 0.613

Moderate

SO4 Janghorbani 
et al. (2014)

Moderate SRMA To determine the health impacts of air 
pollution exposure on the risk of diabetes 
and whether the associations differed 
depending on the kind of pollutant, study 
design, and geographic location 
geographic area ad type of pollutant

17 [11 on risk of 
diabetes-related 
morbidity (i.e., T2DM 
Incidence and 
Prevalence]

RR = 1.04 
(95% 
CI:1.012, 
1.079)

I2 = 0.0%; 
P = 0.606

Moderate

Note: SRMA = systematic review and meta-analysis; MA = meta-analysis; N/A = not applicable; * The PM10 and NOx estimates in Balti et al. study (2014) were 
converted into PM2.5 and NO2 estimates, respectively.
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administrative records, specific T2DM registries, and/or anti-diabetic 
medication records. Additionally, some studies employed certain 
biomarker tests, such as HbA1c, for the purpose of diagnosis. The Sup
plementary contains the concluded, comprehensive summary of the 
included investigations. Table S.2.

3.2.1. Quality assessment
The studies’ quality was evaluated separately for cohort and cross- 

sectional studies using the Newcastle-Ottawa Scale (NOS). For cohort 
studies, the maximum score the study could receive was 9 and for cross- 
sectional studies, the maximum score was 10. The detailed quality 
assessment of the included cohort and cross-sectional studies using the 
NOS were included in the Supplementary Table S3 and S.4, respectively. 
Most included studies obtained the high score of 8 and 9 with only one 
study having the lowest score of 5 (Jabbari et al., 2020). The included 
studies have demonstrated a consistently high level of methodological 
quality, especially in the areas of participant selection and outcome 
assessment. The high occurrence of scores 8 and above in cross-sectional 
studies, as well as the presence of maximum or near-maximum scores in 
cohort studies, highlighted the effectiveness of addressing important 
methodological issues in these studies, which further strengthened the 
reliability of these studies’ results. Nevertheless, the regularity of high 
rankings did not diminish the significance of each study. The wide range 
of scores, particularly for studies with lower NOS scores, emphasizes the 
importance of conducting thorough assessments to gain a comprehen
sive understanding of their significance and constraints within the wider 
research framework. Overall, the studies are supported by high perfor
mance in important areas such as selection and outcome. However, 
occasional limitations in comparability, especially in cross-sectional 
designs, reminded us of the inherent complexity involved in such 
investigations.

3.2.2. Meta-analysis results
The association between different air pollutants and the risk of T2DM 

is depicted in Figs. 3 and 4, using odds ratios (ORs) and their 95% CI as a 
metric to quantify the impact. Out of 46 included studies, 45 were 
included in the final analysis. One study was excluded in the final 
analysis due to having a NOS score of 5 (low study quality).

3.2.2.1. p.m.2.5. Out of 45 studies, 29 studies were included in the final 
analysis (Bo et al., 2021; Bowe et al., 2018; Cai et al., 2023; Chen et al., 
2013; Chilian-Herrera et al., 2021; Clark et al., 2017; Coogan et al., 
2012, 2016b; Dzhambov and Dimitrova, 2016; Hansen et al., 2016; 
Honda et al., 2017; Lao et al., 2019; Lin et al., 2021; Liu et al., 2019a, 
2022, 2023; Orioli et al., 2018; Park et al., 2015; Paul et al., 2020; Puett 
et al., 2011; Qiu et al., 2018; Renzi et al., 2018; Strak et al., 2017; 
Weinmayr et al., 2015; Wu et al., 2022; Yang et al., 2018b; Yitshak Sade 
et al., 2023; Zhou et al., 2022) . Most included studies had cohort study 
design, conducted in the USA or China, had a combination of methods 
for DM diagnosis (e.g., self-reported, blood-tests, administrative records, 
T2DM registries, intakes of anti-diabetic drugs records, etc.). The 
average age participants for the included primary studies were 54 years. 
The included primary studies had an average of 5.4 years for exposure 
and 9.14 years of follow-up. The average air pollution concentration 
level was 25.41 μg/m3. The included OR estimates and 95%CIs were 
vastly different from each other with some had found an OR estimate as 
high as 1.650 (Wu et al., 2022), whereas some reported ORs that were 
more closely to 1 (Lin et al., 2021; Renzi et al., 2018). One study 
Dzambov and Dimitrova, 2016) also reported a very wide range of 95% 
CI, indicating the less precision in study results, which resulted in the 
study having less weight in the final analysis as shown in Fig. 3. Overall, 
the pooled result showed a significant association between PM2.5 
exposure and increasing risk of T2DM (OR = 1.12, 95%CI: 1.09, 1.5) 

Fig. 2. PRISMA flow diagram of the systematic review and meta-analysis.
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Fig. 3. Meta-analysis of main air pollutants exposure (PM2.5, PM10, and NO2) and the risk of T2DM.
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with a high I2 value of 97.6% and p-value of 0.0 indicating a high het
erogeneity between studies.

3.2.2.2. p.m.10. For PM10 exposure, 14 studies were included in the 
final analysis (Cai et al., 2023; Eze et al., 2014; Hansen et al., 2016; 
Krämer et al., 2010; Orioli et al., 2018; Puett et al., 2011; Renzi et al., 
2018; Riant et al., 2018; Shan et al., 2020; Strak et al., 2017; Wang et al., 
2020, 2021; Weinmayr et al., 2015; Yang et al., 2018a). Most of the 
included studies had either cross-sectional or cohort study design, con
ducted in Europe, and used a combination of methods for DM diagnosis. 
Overall, the included studies had an average age of 53 years for par
ticipants, 6.1 years of exposure, 9.84 years of follow-up, and air pollu
tion concentration level of 51.68 μg/m3. All of the PM10 estimates had 
an OR estimate more than 1 with one had an elevated OR as high as 1.51 
(Shan et al., 2020). The pooled result indicated a significant association 
between PM10 and an elevated risk of T2DM (OR = 1.12, 95% CI 1.06, 
1.18). Similarly, to the PM2.5 pooled result, the PM10 pooled estimate 
had a high heterogeneity between studies with an I2 value of more than 
90% and p-value less than 0.05, indicating the significant variances 
between studies (Fig. 3).

3.2.2.3. NO2. The final analysis comprised 24 studies in total 
(Andersen et al., 2012; Bai et al., 2018; Brook et al., 2008; Clark et al., 
2017; Coogan et al., 2016a;Dijkema et al., 2011; Eze et al., 2014; Eze 
et al., 2017; Hansen et al., 2016; Honda et al., 2017; Krämer et al., 2010;
Lazarevic et al., 2015; Liu et al., 2019a; Orioli et al., 2018; Paul et al., 
2020; Renzi et al., 2018; Riant et al., 2018; Shan et al., 2020; Strak et al., 
2017; Wang et al., 2020; Wu et al., 2022; Yitshak Sade et al., 2023; Yang 
et al., 2018b; Zhang et al., 2021). Most of the included studies were 
cohort studies, but others were cross-sectional, case-control, or cohort 
studies. Mostly conducted in Europe, used a combination of methods for 
DM diagnosis (with mostly used administrative records as one of the 

methods), had an average age of 55.8 years for participants, average of 
6.78 years for duration of exposure, average of 10.7 years for follow-up, 
and an average air pollution concentration level of 25.92 μg/m3/15.56 
ppb. A pooled NO2 result showed a significant but weakly association 
between NO2 exposure and T2DM (OR = 1.09, 95% CI: 1.07, 1.12) and 
had an I2 value of 96.3% and p-value of 0.00, indicating a significant 
heterogeneity between studies.

3.2.2.4. Other pollutants (PM1, NOx, SO2 and O3). PM1, NOx, and SO2 
and O3 exposure were other common air pollutants reported in these 
studies and usually were reported in a combination with PM2.5, PM10, 
or NO2. Most of these studies had a cohort study design, conducted in 
the USA, Europe, or China, and had an average age of participants more 
than 38 years old. Out of 45 included studies, 2 studies reported PM1 
exposure estimates, 6 reported NOx estimates, 4 studies reported SO2 
estimates and 8 studies reported O3 estimates. Only a pooled result from 
O3 exposure indicated a significant association between the air pollutant 
exposure and the risk of T2DM (OR = 1.05, 95% CI: 1.03, 1.08). Simi
larly, to the other air pollutants, the O3 pooled estimate had a high I2 

value (>90%) and a p-value of 0.00, indicating a high heterogeneity 
between studies [Fig. 4].

3.2.3. Publication bias
Publication bias test was performed only for PM2.5, PM10, and NO2 

exposures. The test was not performed for the other air pollutants due to 
the small number of included studies (less than ten studies). According 
to the funnel plots and Egger’s test, there was no obvious evidence of 
publication bias among the included studies (Egger’s test: PM2.5, p =
0.611; PM10, p = 0.343; NO2, p = 0.449; the funnel plots are included in 
the Supplementary Figure S1).

Fig. 4. Meta-analysis of other main air pollutants and the risk of T2DM.
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3.2.4. Subgroup analyses
The subgroup analyses were performed for PM2.5, PM10, and NO2 

exposure. The detailed association between air pollutant exposure 
(PM2.5, PM10, and NO2) and the risk of developing T2DM by subgroups 
is presented in Table 2. The subgroup analyses consisted of pooled 
models (fixed-effect vs random-effect models), study design, area of 
exposure (regions), average age of participants, DM diagnosis, average 
duration of exposure (for cross-sectional studies) or follow-up (for 
cohort studies) and average air pollution concentration level.

3.2.4.1. p.m.2.5. Based on the fixed-effects model, the pooled OR esti
mate was closely to 1 and was borderline insignificant (OR = 1.078; 95% 
CI: 1.076, 1.08) compared to the random-effect model’ OR estimate (OR 
= 1.12, 95%CI: 1.09, 1.15), this difference emphasized that there was a 
possible significance variance between studies (heterogeneity) that 
needed to be addressed, thus making sub-group analysis an important 
analysis to use to determine these variances.

Based on the subgroup analysis, study design, DM diagnosis, years of 
follow-up (average), and air pollution concentration levels showed a 
significant heterogeneity between groups [p-value of less than 0.05; 
study design, p = 0.002; DM diagnosis, p = 0.000; years of follow-up, p 
= 0.002; air pollution concentration levels, p = 0.000] indicating that 
the high heterogeneity between studies may be due to the variances in 
these subgroups.

For the study design, both cohort and cross-sectional study design 
had significance results with cohort study design have a higher OR es
timate [OR = 1.15 (95%CI: 1.11, 1.18) for cohort studies compared to 
OR = 1.07, (95%CI: 1.04, 1.10) for cross-sectional study] and was 
slightly higher than the pooled random-effect model estimate [OR =
1.12 (95%CI: 1.09, 1.15)]. These indicated that there was a possible bias 
due to study design as the results showed that the participants who were 
exposed to PM2.5 in cohort studies was more at risk of developing T2DM 
than participants in cross-sectional studies.

For DM diagnosis, the differences in reporting DM cases especially 
from the administrative records and combination of more than one 
method (I2 value of more than 90%), was possibly one of reason for high 
heterogeneity between studies as the OR estimates from self-reported 
and administration records [OR = 1.07 (95%CI: 1.04, 1.10); OR =
1.04 (95%CI: 1.00, 1.09), respectively] showed a less significant risk of 
T2DM compared to the use of combination methods and blood test [OR 
= 1.19 (95%CI:1.10,1.28); OR = 1.17 (95%CI: 1.16, 1.18), 
respectively].

For duration of follow-up subgroup analyses, all categories had 
shown significant results with high heterogeneity (I2 value more than 
80%), indicating that high heterogeneity between studies may be due to 
the duration of follow-up. The results also indicated that with more 
years of follow-up, the risk of T2DM was also increasing but after 10 
years of follow-up, the risk of T2DM seems to slightly be reducing [less 
than 4 years of follow-up, OR = 1.05, 95%CI: 1.01,1.09; 5–10 years 
follow-up, OR = 1.19, 95%CI: 1.10, 1.28; more than 10 years of follow- 
up, OR = 1.15, 95%CI: 1.08, 1.22)].

Lastly, the air pollution concentration levels also showed significant 
and similar patterns to the years of follow-up results [air concentration 
levels between 10 and 20 μg/m3, OR = 1.12, 95%CI: 1.08, 1.17; 21–40 
μg/m3, OR = 1.16, 95%CI: 1.07, 1.25; 41–60 μg/m3, OR = 1.23, 95%CI: 
1.16, 1.30; >60 μg/m3, OR = 1.08, 95%CI: 1.03, 1.14)], indicating a 
possible dose-response relationship between increasing air pollution 
exposure concentration level and the risk of T2DM, which was further 
explored in the dose-relationship section of this study. The significant 
high heterogeneity between groups also indicated that high heteroge
neity between studies may be due to these variances.

For the other subgroups, while the heterogeneity between groups did 
not reveal a significant variance, the significant association within some 
of these subgroups was also worth mentioning. For example, all of the 
regions conducting the studies reported a significant association 

between PM2.5 exposure and the risk of T2DM, with North American 
had the lowest OR estimate (OR = 1.08, 95%CI: 1.04, 1.12), indicating 
that being exposed to PM2.5 in North America was less likely to increase 
the risk of developing T2DM than being exposed to PM2.5 in Asia or 
Europe region. And for the duration of the exposure subgroup, the re
sults indicated that being exposed to PM2.5 for less than 4 years (OR =
1.08, 95%CI: 1.04, 1.11) was less likely to increase the risk of T2DM.

3.2.4.2. p.m.10. For PM10 exposure, a significant high heterogeneity 
between groups was only found in ages of participants (average) and DM 
diagnosis subgroups [ages of participants, p = 0.000; DM diagnosis, p =
0.000]. Among ages of participants subgroup, aged between 45 and 50 
years and aged 56 years or older were found to be significant associated 
with the higher risk of T2DM [45–50 years, OR = 1.20 (95%CI: 1.12, 
1.27); 56 years or older, OR = 1.04, (95%CI: 1.01, 1.07)] with an 
exception of aged less than 45 subgroup, which also found a significant 
association but only had one study included, which indicated that more 
studies was needed to further confirmed this relationship. Significant 
high heterogeneity between groups, especially from the unclear age 
group, indicating that age subgroup was possibly the reason for high 
heterogeneity between studies for PM10 exposure.

For DM diagnosis, the method of blood test showed a significantly 
higher result compared to self-reported DM [OR = 1.20, 95%CI: 1.12, 
1.28); OR = 1.05 (95%CI: 1.04, 1.05), respectively]. These results 
indicated that being diagnosed by blood test significantly increased the 
risk of T2DM from PM10 exposure. Also, high heterogeneity from the 
combination of diagnosis methods was also possibly the reason for high 
heterogeneity between studies for PM10 exposure.

For the other subgroups, no significant high heterogeneity was found 
among these subgroups. But similar to PM2.5, being exposed to PM10 
for less than 4 years in a cross-sectional study design had a lower risk of 
T2DM compared to the pooled random-effect model estimate [exposed 
less than 4 years, OR = 1.06 (95%CI: 1.03, 1.08), compared to the 
random-effects model OR = 1.12 (95%CI: 1.06, 1.18)]. In contrast to 
PM2.5 exposure, the higher PM10 exposure concentration levels were, 
the risk of T2DM was exponentially increased [less than 10 μg/m3, OR =
1.04 (95%CI: 1.01, 1.07); 41–60 μg/m3, OR = 1.05 (95%CI: 1.04, 1.05); 
more than 60 μg/m3, OR = 1.31 (95%CI: 1.05, 1.56)] and the results 
were significant.

3.2.4.3. NO2. For NO2 exposure, a significant high heterogeneity be
tween groups was found among study design (p = 0.001), ages (p =
0.001), DM diagnosis (p = 0.000), and years of follow-up (p = 0.001), 
which indicated that high heterogeneity between studies may be 
explained by these subgroups’ variances.

For NO2 exposure, had cohort study design and being exposed to 
NO2 in Asia significantly increased the risk of T2DM [cohort study 
design, OR = 1.11 (95%CI: 1.08, 1.15); Asian, OR = 1.18 (95%CI: 1.02, 
1.34); compared to the random-effect estimate, OR = 1.09 (95%CI: 1.07, 
1.12)], while being exposed to NO2 in North America slightly reduced 
the risk of T2DM [OR = 1.04 (95%CI: 1.02, 1.06)].

For ages of participants, being aged between 45 and 55 years old was 
significantly associated with an increased risk of T2DM [45–50 years, 
OR = 1.22 (95%CI: 1.12, 1.33); 51–55 years, OR = 1.16 (95%CI: 1.08, 
1.24) compared to aged 56 years or older, OR = 1.04 (95%CI: 1.02, 
1.06)].

For years of follow-up, participants who have been follow-up for 
more than 10 years were significantly associated with an increased risk 
of T2DM (OR = 1.17, 95%CI: 1.11, 1.22).

Lastly, for the air pollution concentration levels (using μg/m3 unit), 
similar pattern was observed in NO2 exposure, but the results were not 
significant [Only being exposure to NO2 concentration levels of 21–40 
μg/m3 was significantly associated with T2DM (OR = 1.06, 95%CI: 1.03, 
1.08)]. For air concentration levels (using ppb units), only being exposed 
to NO2 of 15–20 ppb showed a significantly reduced risk of T2DM [OR 
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Table 2 
The association between air pollutants exposure (PM2.5, PM10, NO2) and the risk of T2DM by subgroups.

PM2.5 PM10 NO2

N OR (95%CI) [Heterogeneity: I2; p- 
value]

N OR (95%CI) [Heterogeneity: I2; p- 
value]

N OR (95%CI) [Heterogeneity: I2; p- 
value]

Models:
Fixed-effect model 29 1.078 (1.076, 1.08) [I2 = 97.6%; p 

= 0.000]
14 1.05 (1.045, 1.054) [I2 = 98.3%; p 

= 0.000]
24 1.055 (1.052, 1.058) [I2 = 96.3%; p 

= 0.000]
Random-effects model 29 1.12 (1.09, 1.15) [I2 = 97.6%; p =

0.000]
14 1.12 (1.06, 1.18) [I2 = 98.3%; p =

0.000]
24 1.09 (1.07, 1.12) [I2 = 96.3%; p =

0.000]
Study design:
Cohort 19 1.15 (1.11, 1.18) [I2 = 98.3%; p =

0.000]
7 1.15 (0.89, 1.40) [I2 = 99.2%; p =

0.000]
14 1.11 (1.08, 1.15) [I2 = 65.9%; p =

0.003]
Cross-sectional 10 1.07 (1.04, 1.10) [I2 = 85.3%; p =

0.000]
7 1.06 (1.03, 1.08) [I2 = 73.4%; p =

0.000]
9 1.07 (1.03, 1.10) [I2 = 97.8%; p =

0.000]
Case-control N/ 

A
N/A N/ 

A
N/A 1 1.01 (0.98, 1.05) [N/A]

Regions of Exposure:
Asia 11 1.14 (1.10, 1.19) [I2 = 91.5%; p =

0.000]
5 1.20 (0.99, 1.41) [I2 = 99.4%; p =

0.000]
7 1.18 (1.02, 1.34) [I2 = 98.2%; p =

0.000]
Europe 11 1.15 (1.04, 1.27) [I2 = 98.4%; p =

0.000]
8 1.03 (1.00, 1.07) [I2 = 72.2%; p =

0.003]
11 1.11 (1.04, 1.18) [I2 = 96.5%; p =

0.000]
North America 7 1.08 (1.04, 1.12) [I2 = 98.2%; p =

0.000]
1 1.04 (0.94, 1.13) [N/A] 5 1.04 (1.02, 1.06) [I2 = 89.4%; p =

0.000]
Australia N/ 

A
N/A N/ 

A
N/A 1 1.04 (0.86, 1.22) [N/A]

Ages of Participants (Average):
Less than 45 years 7 1.12 (1.02, 1.23) [I2 = 93.3%; p =

0.000]
1 1.51 (1.48, 1.55) [N/A] 2 1.22 (0.71, 1.73) [I2 = 99.3%; p =

0.000]
45–50 years 1 1.14 (1.03, 1.25) [N/A] 2 1.20 (1.12, 1.27) [I2 = 0.0%; p =

0.859]
1 1.22 (1.12, 1.33) [N/A]

51–55 years 4 1.22 (0.89, 1.55) [I2 = 99.2%; p =
0.000]

4 1.15 (0.98, 1.32) [I2 = 50.0%; p =
0.112]

7 1.16 (1.08, 1.24) [I2 = 97.1%; p =
0.000]

56 years or older 12 1.11 (1.07, 1.15) [I2 = 97.0%; p =
0.000]

3 1.04 (1.01, 1.07) [I2 = 0.0%; p =
0.990]

10 1.04 (1.02, 1.06) [I2 = 84.7%; p =
0.000]

Unclear 5 1.05 (1.00, 1.11) [I2 = 95.9%; p =
0.000]

4 1.03 (1.00, 1.06) [I2 = 95.1%; p =
0.000]

4 1.03 (0.98, 1.08) [I2 = 92.2%; p =
0.000]

DM Diagnosis:
Self-reported 8 1.07 (1.04, 1.10) [I2 = 66.2%; p =

0.004]
3 1.05 (1.04, 1.05) [I2 = 0.0%; p =

0.694]
5 1.01 (0.97, 1.06) [I2 = 28.1%; p =

0.234]
Blood test 2 1.17 (1.16, 1.18) [I2 = 0.0%; p =

0.594]
1 1.20 (1.12, 1.28) [N/A] 1 1.22 (1.12, 1.33) [N/A]

Administrative records/ 
registries/ICD-10

7 1.04 (1.00, 1.09) [I2 = 98.2%; p =
0.000]

2 1.00 (0.99, 1.01) [I2 = 0.0%; p =
0.490]

8 1.03 (1.01, 1.06) [I2 = 95.1%; p =
0.000]

Combination* 12 1.19 (1.10, 1.28) [I2 = 97.6%; p =
0.000]

8 1.16 (0.98, 1.34) [I2 = 98.7%; p =
0.000]

10 1.18 (1.09, 1.28) [I2 = 97.9%; p =
0.000]

Duration of Exposure (Average):
Less than 4 years 8 1.08 (1.04, 1.11) [I2 = 85.6%; p =

0.000]
4 1.06 (1.03, 1.08) [I2 = 79.8%; p =

0.002]
6 1.08 (1.03, 1.12) [I2 = 73.8%; p =

0.002]
5–10 years 2 1.04 (0.92, 1.17) [I2 = 79.0%; p =

0.029]
2 1.20 (0.85, 1.55) [I2 = 86.9%; p =

0.006]
2 1.08 (0.93, 1.24) [I2 = 69.8%; p =

0.069]
More than 10 years N/ 

A
N/A 1 1.04 (0.84, 1.23) [N/A] 1 1.06 (0.88, 1.24) [N/A]

Follow-up (Average):
Less than 4 years 2 1.05 (1.01, 1.09) [I2 = 88.2%; p =

0.004]
1 1.18 (0.97, 1.38) 2 1.03 (0.98, 1.07) [I2 = 94.6%; p =

0.000]
5–10 years 11 1.19 (1.10, 1.28) [I2 = 97.8%; p =

0.000]
2 1.00 (0.99, 1.01) 5 1.02 (0.98, 1.06) [I2 = %; p = 0.003]

More than 10 years 6 1.15 (1.08, 1.22) [I2 = 99.0%; p =
0.000]

4 1.20 (0.87, 1.53) 8 1.17 (1.11, 1.22) [I2 = 98.4%; p =
0.000]

Air Pollution Concentration Levels (Average; μg/m3):
Less than 10 μg/m3 3 1.04 (1.00, 1.07) [I2 = 85.3%; p =

0.001]
N/ 
A

N/A N/ 
A

N/A

10–20 μg/m3 13 1.12 (1.08, 1.17) [I2 = 98.5%; p =
0.000]

1 1.04 (1.01, 1.07) [N/A] 6 1.12 (0.96, 1.27) [I2 = 97.7%; p =
0.000]

21–40 μg/m3 7 1.16 (1.07, 1.25) [I2 = 93.5%; p =
0.000]

7 1.03 (0.99, 1.07) [I2 = 72.4%; p =
0.001]

9 1.06 (1.03, 1.08) [I2 = 82.8%; p =
0.000]

41–60 μg/m3 4 1.23 (1.16, 1.30) [I2 = 20%; p =
0.287]

3 1.05 (1.04, 1.05) [I2 = 0.0%; p =
0.808]

3 1.27 (0.85, 1.68) [I2 = 99.3%; p =
0.000]

More than 60 μg/m3 2 1.08 (1.03, 1.14) [I2 = 38.0%; p =
0.204]

3 1.31 (1.05, 1.56) [I2 = 96.5%; p =
0.000]

N/ 
A

N/A

Air Pollution Concentration Levels (Average; ppb):
Less than 5 ppb N/ 

A
N/A N/ 

A
N/A N/ 

A
N/A

5–10 ppb N/ 
A

N/A N/ 
A

N/A 1 1.04 (0.86, 1.22) [N/A]

(continued on next page)

N. Parasin et al.                                                                                                                                                                                                                                 Environmental Research 269 (2025) 120885 

11 



= 1.04, (95%CI: 1.01, 1.06)]. While the result from concentration of 
11–15 ppb was significant, there was only one study included, so more 
studies were probably needed to confirm this relationship.

3.2.5. Dose-response analyses
For all three air pollutants, only PM10 was found to have a signifi

cant dose-response relationship with a p-value of 0.000 and F-statistic of 
116.44 (degree of freedom: 2, 11). An adjusted r-squared value of 
0.9467 indicated a high degree of model fit and both coefficients of the 
restricted cubic spline were also found to be statistically significant 
(Supplementary Table S4). Fig. 5 presented the dose-relationship be
tween main air pollutants (i.e., PM2.5, PM10, and NO2) concentration 
level and the risk of T2DM. Based on the predicted value, the graph 
indicated that the risk of T2DM seems to be lower as the PM10 con
centration level increased until the concentration level reached around 
32 μg/m3, which was where the risk of T2DM started to increase 
exponentially. This result further emphasized a significant non-linear 
relationship between PM10 exposure and the risk of T2DM.

4. Discussion

The study had found that outdoor exposure to air pollutants (such as 
PM2.5, PM10, and NO2) was significantly associated with the risk of 
developing T2DM with high heterogeneity between studies for all air 
pollutants exposure groups. The pooled estimates, especially PM10 and 
NO2, in this study were consistent with the results reported in earlier 
studies (Eze et al., 2015a,b; Liu et al., 2019a,b; Yang et al., 2020). For 
instance, an exposure to PM10 was associated with a 12% increased risk 
of T2DM, which was closed to the results from previous umbrella studies 
[e.g., Yang et al. (2020); OR = 1.10 (95% CI: 1.03, 1.17) and Liu et al. 
(2019a,b); OR = 1.12 (95%CI: 1.06, 1.19)]. Additionally, the subgroup 
analysis of PM2.5, PM10, and NO2 has further revealed a significant 
complex relationship that may be influenced by multiple factors 
including age, regions of exposure, air pollution concentration levels, 
types of study design and DM diagnosis methods.

Despite the finding of significant association between main outdoor 
air pollutants and T2DM, high heterogeneity was observed across 

Table 2 (continued )

PM2.5 PM10 NO2

N OR (95%CI) [Heterogeneity: I2; p- 
value] 

N OR (95%CI) [Heterogeneity: I2; p- 
value] 

N OR (95%CI) [Heterogeneity: I2; p- 
value]

11–15 ppb N/ 
A

N/A N/ 
A

N/A 1 1.27 (1.08, 1.46) [N/A]

15–20 ppb N/ 
A

N/A N/ 
A

N/A 4 1.04 (1.01, 1.06) [I2 = 86.3%; p =
0.000]

Abbreviations: N, number of included studies; ORs, Odd Ratios; 95%CI, 95% Confidence Intervals; DM, Diabetes Mellitus; ICD-10, International Classification of 
Diseases 10th Revision; N/A, not available/applicable; * DM diagnosis was a combination of two or three of these methods: self-reported DM diagnosis, blood-test, 
administrative records, T2DM registries and/or intakes of anti-diabetic medication records.
Note: The significant associations were highlighted in bold.

Fig. 5. Dose-response relationship between PM10, PM2.5, and NO2 and T2DM.
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studies, especially in cohort designs, where PM2.5 and PM10 showed I2 

values exceeding 98%. This substantial variability mirrored findings 
from previous reviews but provides a more nuanced understanding of 
the potential sources of this heterogeneity (Yang et al., 2020). Our 
subgroup analyses revealed that heterogeneity remained high even 
when stratified by study design, geographical regions, and age groups. 
This finding suggested that variability in factors such as controlling 
confounders, exposure assessment methods, and population suscepti
bilities may play a crucial role in this. This finding emphasized the need 
for standardized methodologies in future research, particularly in terms 
of adjusting for confounders such as socioeconomic status, smoking, and 
pre-existing health conditions (Eze et al., 2015a,b; He et al., 2017).

Furthermore, our analysis revealed that for adults aged 45–55 years, 
the risk of T2DM was higher compared to the elderly who aged more 
than 65 years. This significant difference was consistent across all 
exposure groups. The increased susceptibility among middle-aged adults 
may be attributed to age-related factors such as occupational exposures, 
lifestyle choices, or other environmental interactions (Nishida and 
Yatera, 2022; Simoni et al., 2015). The adults were more likely to be 
exposed to outdoor air pollution due to commuting or outdoor jobs, than 
elderly who were more likely to stay at home or taking more precaution 
measures for their health due to comorbidity conditions or old ages 
(Simoni et al., 2003).

In terms of geographical variation, our study found a significantly 
higher risk of T2DM in Asia and Europe, particularly for PM2.5 and NO2 
exposure. This may be due to the increase of industrialization, urbani
zation and fossil fuel and biomass burnings in Asia (Jion et al., 2023), 
and the high energy consumption and road transport emissions in 
Europe (The Council of the European Union, 2024), which might explain 
the higher risk of T2DM in these regions. By contrast, North America had 
a lower air pollution level, which may be attributed to the stricter air 
quality regulations in the region (United States Environmental Protec
tion Agency, ). Interestingly, the decreasing air concentration levels over 
the years in Europe and lower concentration levels in the North America 
region may contributed to the lower risk of T2DM. It was possible that 
for every decrease in air pollution concentration levels, especially 
PM2.5, contributed to the lower risk of T2DM over the years (Bo et al., 
2021).

The types of study design were another important factor that may 
influence the result of this study. Cohort studies showed a higher risk of 
T2DM than cross-sectional studies, potentially because of the longer 
duration of air pollution exposure captured in cohort designs (e.g., 
PM2.5, OR = 1.15 (95%CI: 1.11, 1.18) for cohort study design, and 1.07 
(95%CI: 1.04, 1.10) for cross-sectional study design). Also, the pro
longed exposure to air pollution concentration level such as PM2.5 was 
found to increase the risk of developing T2DM. These results were seen 
with higher concentration levels of PM2.5 (>41 μg/m3) and follow-up 
periods of over five years. Additionally, there was a huge variation in 
measurement uses in the included primary studies, which might also 
influence the air pollutants concentration level. This indicated there 
need to be a more standardized approach in measuring air pollution 
exposure, which could further reduce the bias due to this variability.

Moreover, the method of T2DM diagnosis significantly influenced 
our estimates. Studies using blood tests or a combination of diagnostic 
methods found higher risks compared to self-reported diagnoses (e.g., 
PM2.5: self-reported OR = 1.07 (95%CI: 1.04, 1.10) and blood test OR 
= 1.17 (95%CI: 1.16, 1.18)). This suggests that more accurate diagnostic 
methods may capture more T2DM cases into the studies, resulting in 
higher estimated risks. Interestingly, the estimates from blood test and 
combination methods were closer to the pooled estimate result (e.g., 
PM2.5, OR = 1.12 (95%CI: 1.09, 1.15)), suggesting that the use of blood 
test and combination methods may be more appropriate method for 
reporting T2DM than only using self-reported diagnosis method alone.

A key novel contribution of this study is the identification of a sig
nificant dose-response relationship between PM10 exposure and T2DM 
risk, which contrasts with the absence of such a relationship for PM2.5. 

Previous meta-analyses have not consistently reported a dose-response 
relationship for PM10 (Balti et al., 2014), and this finding suggested 
that PM10 may exerted stronger metabolic effects than previously 
recognized. The diverse composition of PM10, which often included 
toxic coarse particles from road dust, industrial activities, and traffic 
emissions which differed from the fine particles’ composition in PM2.5, 
may significantly attributed to this relationship (Chen et al., 2022a,b). 
The absence of a dose-response relationship for PM2.5, despite its 
known harmful effects, raised questions regarding its specific role in 
metabolic health, particularly in comparison to PM10. This distinction 
composition between PM2.5 and PM10 was an important factor to note 
and could have further implications for public health policies that have 
previously focused on regulating PM2.5 levels.

The analysis revealed that for every PM10 concentration levels 
increased (after 32 μg/m3), the risk of T2DM was increasing exponen
tially. This indicated that for every increase in PM10 concentration 
level, the risk of T2DM also increased and the result was similar to the 
previous study (Wang et al., 2020). For PM2.5 and NO2 exposure, 
although the dose-response results were not significant, similar patterns 
to those seen in previous studies (Liu et al., 2023; Eze et al., 2014) were 
observed. This suggests the possibility of a non-linear relationship for 
these pollutants that warrants further investigation. The absence of a 
distinct dose-response relationship may be attributed to reasons such as 
differences in levels of exposure, different susceptibilities among pop
ulations, and discrepancies in measurement techniques. Furthermore, 
prior research indicated that PM2.5 has a far higher surface area to 
volume ratio than PM10, which may allow it to absorb more dangerous 
substances. Furthermore, PM2.5 may remain in the air for long periods 
of time due to its reduced weight, which facilitates its entry into human 
lungs and blood vessels for systemic effects. Consequently, it is widely 
accepted that exposure to PM2.5 might result in a higher disease load 
and more noticeable health impacts than PM10 (Wang et al., 2021). 
However, the current study’s findings showed a significant 
dose-response relationship between PM10 and TDM risk, especially at 
higher concentrations (>32 μg/m³). This relationship was unique when 
compared to other pollutants such as PM2.5, implying that PM10 may 
have a stronger role in metabolic health (Cox, 2016). There was more 
than one linear association between particulate matter exposure levels 
and health risks. Very slight changes in exposure levels could cause 
significant changes in insulin resistance (IR)-related factors at lower 
doses, such as those found in a typical ambient environment (0.2 
mg/day). At higher exposure levels, such as environments with active 
smoking (up to 200 mg/day), the dose-response curve plateaued. As a 
result, there might be differences between the effect outcomes in this 
study that were standardized by exposure concentration and the actual 
circumstances. The seemingly more pronounced risk alterations linked 
to PM10 levels at comparatively low exposure levels may be explained 
by this discrepancy.

Another mechanism that was important to note was a multifaceted 
interplay of systemic inflammation, oxidative stress, and metabolic 
dysregulation. Inflammatory cytokines, such as TNF-α and IL-6, impair 
insulin signaling through stress kinase pathways, while ROS-induced 
oxidative stress damages pancreatic β-cells and reduces insulin pro
duction. Adipose tissue inflammation further exacerbated glucose dys
regulation by altering adipokine profiles. These combined effects 
created a metabolic environment conducive to the development and 
progression of Type 2 diabetes. PM10 inhalation activated immune re
sponses through pattern recognition receptors (PRRs), such as Toll-like 
receptor 4 (TLR4), on immune cells, initiating the release of pro- 
inflammatory cytokines, including Interleukin-6 (IL-6) and Tumor Ne
crosis Factor-alpha (TNF-α) (Rajagopalan and Brook, 2012). These cy
tokines interfered with insulin signaling via molecular mechanisms that 
involved stress kinase pathways, such as c-Jun N-terminal kinase (JNK) 
and IκB kinase (IKK). Activation of these kinases led to the phosphory
lation of insulin receptor substrate-1 (IRS-1) at inhibitory serine resi
dues, impairing the insulin receptor’s ability to propagate its signal. This 
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disruption of signaling cascades reduces glucose uptake, particularly in 
skeletal muscle tissue, by inhibiting the translocation of glucose trans
porter type 4 (GLUT4) to the cell membrane (Liu et al., 2022). 
Furthermore, chronic exposure to inflammatory cytokines compromised 
insulin receptor autophosphorylation, reduced tyrosine phosphorylation 
of IRS proteins, diminished phosphatidylinositol 3-kinase (PI3K) activ
ity, and decreased Akt phosphorylation, further exacerbating insulin 
resistance (Sun et al., 2022).

PM10 exposure also triggered oxidative stress, a key contributor to 
β-cell dysfunction and insulin deficiency. Reactive oxygen species 
(ROS), such as superoxide and hydrogen peroxide, were predominantly 
generated through mitochondrial pathways. Ren et al. (2023) reported 
that PM10 exposure increased ROS production by 40–60% in experi
mental conditions, disrupting mitochondrial electron transport chain 
activity. This oxidative stress damaged pancreatic β-cells, leading to 
mitochondrial DNA damage and reduced ATP production, which 
impaired glucose-stimulated insulin secretion (Liu et al., 2016). The 
effects of oxidative stress extended to the endoplasmic reticulum (ER), 
where it activated the unfolded protein response (UPR). UPR pathways, 
including PERK-eIF2α and IRE1-XBP1, were dysregulated under sus
tained oxidative stress, impairing insulin synthesis and protein folding 
in β-cells (Zorena et al., 2022). Chronic ROS exposure also activated 
inflammatory signaling cascades within β-cells, ultimately inducing 
apoptosis and reducing insulin secretory capacity by up to 30% 
following prolonged PM10 exposure (Liu et al., 2016).

PM10 exposure adversely affected adipose tissue function through 
systemic and local inflammatory responses. Circulating PM10 particles 
infiltrated adipose tissue, activating resident macrophages and 
increasing the production of pro-inflammatory cytokines. Della Guardia 
and Shin (2022) observed a 40% rise in inflammatory markers, 
including IL-6 and TNF-α, within adipose tissue following chronic PM10 
exposure. This local inflammation altered adipokine production, char
acterized by increased leptin and decreased adiponectin levels. Reduced 
adiponectin impairs insulin sensitivity by diminishing AMP-activated 
protein kinase (AMPK) activity, which was critical for glucose uptake 
and fatty acid oxidation (Della Guardia and Shin, 2022). Conversely, 
elevated leptin levels exacerbated central leptin resistance, which indi
rectly worsened systemic insulin resistance.

Lastly, our study explored the association between other, less 
frequently studied pollutants (i.e., PM1, O3, SO2, NOx) and T2DM risk. 
These pollutants have received less attention in the literature, and this 
study contributes new data on their potential metabolic impacts. How
ever, we recognize that there are limitations in this study. For example, 
factors like gender and comorbid conditions were not fully explored, 
despite evidence suggesting that females may be more susceptible to air 
pollution-induced T2DM in some regions (Lao et al., 2019; Liu et al., 
2023). Additionally, the limited number of primary studies on pollutants 
like PM10 and NO2 makes interpreting subgroup results more chal
lenging. The persistent high heterogeneity observed after subgroup 
analysis further indicates the need for standardized air pollution expo
sure methods, as inconsistencies in measurement likely contributed to 
the variability in findings. Finally, given that T2DM is a chronic disease, 
it may take years to develop, limiting the ability of some studies to fully 
capture long-term impacts. Further research is necessary to examine the 
severity of T2DM outcomes, particularly as prolonged exposure to pol
lutants may increase mortality risks (Wu et al., 2022).

Theses umbrella review and meta-analysis helped providing impor
tant new insights into the relationship between outdoor air pollution 
and Type 2 Diabetes Mellitus (T2DM), expanding from the findings of 
previous systematic reviews and meta-analyses This study strength lied 
in a more detailed analysis of the heterogeneity between studies and the 
dose-response relationship of an outdoor air pollution exposure such as 
PM10 on the risk of T2DM, which has not been thoroughly explored in 
prior studies. Similar to prior studies, we found significant associations 
between exposure to major air pollutants and the risk of developing 
T2DM. However, our study had further explored the heterogeneity 

between studies across different study designs, exposure regions, and 
population characteristics, which has not been fully explored in previous 
studies. This study also highlighted the importance of tailoring public 
health interventions to specific regions. Stronger associations between 
PM10 and T2DM in Asia suggest the need for targeted pollution reduc
tion policies in industrialized areas. Methodologically, this study’s use of 
both umbrella review and meta-analysis approaches strengthened the 
robustness of the findings. While previous studies primarily used meta- 
analysis, our dual approach allowed for a critical evaluation of existing 
reviews alongside a synthesis of primary studies. By addressing limita
tions in prior reviews and incorporating the latest data, this study 
offered a more comprehensive understanding of air pollution’s impact 
on T2DM.

5. Conclusion

From both umbrella review and meta-analysis of this study, an out
door exposure to PM2.5, PM10, NO2, and O3 was found to be signifi
cantly associated with the risk of T2DM. Additionally, the subgroup 
analyses of PM2.5, PM10, and NO2 exposures revealed a complex 
relationship between outdoor air pollution exposure and the likelihood 
of developing T2DM that might be influenced or confounded by these 
factors. The pooled estimates results, especially for PM10 and NO2 were 
also close to the previous umbrella studies’ results, which further sup
ported and strengthened existing evidence of the risk of T2DM due to an 
outdoor air pollution exposure despite the evidence of high heteroge
neity between studies.

This study highlighted the significance of air pollution exposure as a 
public health matter, specifically regarding chronic diseases such as 
T2DM. This emphasized the need for a more specific and comprehensive 
approach to identify the fundamental mechanisms of these relationships 
to help lawmakers implement more efficient public health policies and 
interventions. Moreover, the diversity in the effects of air pollutants on 
different demographic groups and geographical areas may require 
location-specific approaches. The results of this study provided a strong 
incentive for policymakers and health practitioners to incorporate 
environmental factors into their strategies to address the increasing 
occurrence of T2DM and air pollution exposure.
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