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ABSTRACT 

Although epidemiological studies have evaluated the associations of ambient air 

pollution with depression, the results remained mixed. To clarify the nature of the 

association, we performed a comprehensive systematic review and meta-analysis with 

the Inverse Variance Heterogeneity (IVhet) model to estimate the effect of ambient air 

pollution on depression. Three English and four Chinese databases were searched for 

epidemiologic studies investigating associations of ambient particulate (diameter ≤ 

2.5 μm (PM2.5), ≤ 10 μm (PM10)) and gaseous (nitric oxide (NO), nitrogen dioxide 

(NO2), carbon monoxide (CO), sulfur dioxide (SO2) and ozone (O3)) air pollutants 

with depression. Odds ratios (OR) and corresponding 95% confidence intervals (CI) 

were calculated to evaluate the strength of the associations. We identified 22 eligible 

studies from 10 countries of the world. Under the IVhet model, per 10 µg/m3 increase 

in long-term exposure to PM2.5 (OR: 1.12, 95% CI: 0.97-1.29, I2: 51.6), PM10 (OR: 

1.04, 95% CI: 0.88-1.25, I2: 85.7), and NO2 (OR: 1.05, 95% CI: 0.83-1.34, I2: 83.6), 

as well as short-term exposure to PM2.5 (OR: 1.01, 95% CI: 0.99-1.04, I2: 51.6), PM10 

(OR: 1.01, 95% CI: 0.98-1.04, I2: 86.7), SO2 (OR: 1.03, 95% CI: 0.99-1.07, I2: 71.2), 

and O3 (OR: 1.01, 95% CI: 0.99-1.03, I2: 82.2) was not significantly associated with 

depression. However, we observed significant association between short-term NO2 

exposure (per 10 µg/m3 increase) and depression (OR: 1.02, 95% CI: 1.00-1.04, I2: 

65.4). However, the heterogeneity was high for all of the pooled estimates, which 

reduced credibility of the cumulative evidence. Additionally, publication bias was 

detected for six of eight meta-estimates. In conclusion, short-term exposure to NO2, 

but not other air pollutants, was significantly associated with depression. Given the 

limitations, a larger meta-analysis incorporation future well-designed longitudinal 

studies, and investigations into potential biologic mechanisms, will be necessary for a 
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more definitive result. 

Keywords: Particulate matter; Gaseous pollutants; Depressive disorder; Random 

effects model; Inverse Variance Heterogeneity (IVhet) model 
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1. Introduction 

Ambient or outdoor air pollution (referred to as air pollution hereafter) has become a 

major global environmental issue. According to the recent Global Burden of Diseases 

report (GBD), air pollution was responsible for 4.90 million deaths and 1.47 billion 

disability-adjusted life-years (DALYs) in 2017, with most of the burden related to 

cardiovascular disease, respiratory disease, and lower respiratory infections (GBD 

2017 Risk Factor Collaborators, 2018). More recently, the hazardous effects of air 

pollution on mental health, such as depression, have attracted interest and have global 

public health implications (Buoli et al., 2018; Gu et al., 2019; Pun et al., 2017; Kim et 

al. 2016; Lam et al., 2016). 

Depression is characterized by persistent poor mood, diminished interest in activities, 

exhaustion, and low energy, and it is one of the most prevalent mental disorders 

(American Psychiatric Association, 2013). Depression has been associated with 

decreased work productivity, lower quality of life, and an increased risk of all-cause 

mortality (Walker et al., 2015; Ferenchick et al., 2019; Spitzer et al., 1995). The GBD 

(2018) report estimated more than 43 million years lived with disability (YLDs) 

attributable to depression in 2017 (GBD 2017 Disease and Injury Incidence and 

Prevalence Collaborators, 2018). Depression prevalence is increasing, and access to 

effective treatments remains limited (GBD 2017 Disease and 

Injury Incidence and Prevalence Collaborators, 2018; Ramanuj et al., 2019). 

Therefore, identification of risk factors for depression and consequent development of 

prevention strategies is of public health significance. 

Mechanistic studies indicate that air pollutants inhalation can trigger 

neuro-inflammation and oxidative stress as well as induce dopaminergic neurotoxicity 
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(Risom et al., 2005; Ng et al., 2008; Hurley and Tizabi, 2013; Dantzer et al., 2008). 

Additionally, previous studies demonstrated that exposure to higher levels of air 

pollution could affect people’s residential satisfaction and self-perceived health, which 

have been associated with mental health (von Lindern et al., 2016; Liu et al., 2018; 

Nguyen et al., 2017). Therefore, it has been plausibly hypothesized that air pollution 

may contribute to depression pathogenesis. During the past decade, multiple studies 

investigated the relationship between long-term or short-term air pollution exposure 

and depression (Szyszkowicz et al., 2009; Lim et al., 2012; Wang et al., 2014; Cho et 

al., 2014; Zijlema et al., 2016; Szyszkowicz et al., 2016; Kim et al., 2016; Vert et al., 

2017; Pun et al., 2017; Lin and Guo et al., 2017; Lin and Zhou et al., 2017; 

Kioumourtzoglou et al., 2017; Kim and Kim, 2017; Wang et al., 2018; Zock et al., 

2018; Roberts et al., 2019; Zhao et al., 2019). However, the results were inconsistent 

and contradictory; some studies detected positive air pollution-depression associations 

(Lim et al., 2012; Cho et al., 2014; Kim et al., 2016; Vert et al., 2017; Roberts et al., 

2019) and the others found no association (Wang et al., 2014; Lin and Guo et al., 2017; 

Kioumourtzoglou et al., 2017; Kim and Kim, 2017; Zhao et al., 2019). A recent 

meta-analysis reported a higher odds ratio for depression in association with 

increasing ambient fine particulate matter (PM2.5) but not with inhalable particulate 

matter (PM10) exposure. However, the meta-analysis did not assess gaseous pollutants, 

and several key or recent papers were not included (Gu et al., 2019). Thus, the weight 

of evidence was difficult to interpret, limiting the data available to provide specific 

suggestions to policy makers. In addition, due to high heterogeneity, Gu et al. (2019) 

applied random effects model to pool the effect estimates. However, the model was 

criticized for overestimating effects and underestimating the statistical error (Doi et al. 

2015). 
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To help address the pending data gap, we systematically identified and reviewed 

epidemiological studies of short- and long-term exposure to ambient particulate and 

gaseous air pollutants, including all epidemiologic study design, up to 2019. 

Furthermore, we used the Inverse Variance Heterogeneity (IVhet) model to pool the 

data, which outperforms the random effects model in reducing the estimator mean 

squared error and maintaining the correct coverage probability of the confidence 

interval (CI) (Doi et al., 2015). Our aim was to provide a more comprehensive and 

accurate assessment of the state of the literature to inform policy makers, investigators, 

and healthcare professionals on likely magnitude of effects and to recommend next 

steps for more definitively addressing the association between air pollutants and 

depression. 

2. Methods 

2.1. Search strategy 

We conducted the systematic review and meta-analysis according to the Preferred 

Reporting Items for Systematic reviews and Meta-Analysis (PRISMA) guidelines as 

shown in Table S1 (Moher et al., 2009). We did not publish a systematic review 

protocol beforehand. A specific research question was formulated according to the 

“Participants”, “Exposure”, “Comparator”, and “Outcomes” (PECO) framework. The 

focused question of the present systematic review and meta-analysis was: “Is 

exposure to ambient air pollution associated with the risk of depression?”. Studies on 

the relationships of ambient air pollution and depression (published before 21 August 

2019) indexed in three English databases (PubMed, Web of Science and Scopus) and 

four Chinese databases (China National Knowledge Infrastructure, China Biological 

Medicine Database, Chongqing VIP Chinese Science and Technology Periodical 
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Database, and Wanfang Data), were identified. Our search strategies were based on 

combinations of air pollution terms (“air pollution”, “particulate matter”, “air 

pollutants”, particle, “sulfur dioxide”, “nitrogen oxide”, “nitrogen dioxide”, ozone, 

and “carbon monoxide”) and depression terms (depress*, depression, depressive, 

depress, depressed, “unipolar disorder”, and “bipolar disorder”). Detailed search 

strategy is shown in Table S2. The search was limited to the English and Chinese 

languages. We also searched the references lists of eligible articles and grey literature 

databases (British National Bibliography for Report Literature, Social Care Online, 

System for Information on Grey Literature in Europe, and National Technical 

Information Service) to find additional potentially pertinent studies. 

2.2. Selection criteria 

The following a priori eligibility criteria were based on the PECO framework: (P) the 

study was conducted among humans; (E) the study focused on short-term (< 30 days) 

or long-term (≥ 30 days) exposures to ambient air pollution; (C) the study provided 

quantitative effect estimates with 95% CIs (or standard errors) by comparing humans 

exposed to lower air pollution levels with the greater exposed humans; (O) depression 

was assessed and defined using questionnaire (e.g. Center for Epidemiological Studies 

Depression Scale, Diagnostic and Statistical Manual of Mental Disorders, Hospital 

Anxiety Depression Scale, and Korean version of the Geriatric Depression Scale, etc.), 

clinical assessment (International Classification of Diseases (ICD), International 

Classification of Primary Care (ICPC), and doctor-diagnosed), or antidepressant 

medication. If more than one publication was identified for the same study population, 

the one with more thorough reporting or adjustments was included. 

After removing duplicates, two (SF and WF) of the co-authors independently 



9 
 

screened titles, abstracts, and full text for eligibility (Fig. 1). If a disagreement arose, 

the article was referred to a third co-author (BY) for adjudication. 

2.3. Data extraction 

Two (SF and YS) of the co-authors independently extracted the following information 

from each included study: authors’ names, publication year, study period, setting, and 

design, the size, exposure assessment strategy and lag pattern, outcome (depression) 

definition, and effect estimates including odds ratio (OR), risk ratio (RR), and hazard 

ratio (HR) with their corresponding 95% CIs. For studies reporting sub-stratified risk 

estimates rather than overall risk estimates, each stratified risk estimate was 

considered as an independent data set (Szyszkowicz et al., 2016). Any conflict was 

resolved by discussion with a third co-author (BY). 

2.4. Methodological Quality assessment 

We used the popular Newcastle Ottawa scale (NOS) (Wells et al., 2010) and the 

Joanna Briggs Institute (JBI) meta-analysis of statistics assessment and review 

instrument (JBI, 2016) to assess the quality of cohort and cross-sectional studies, 

respectively. Each study was assessed an NOS score from 0 to 9 and a JBI score from 

0 to 20. An NOS score greater than 7 or a JBI score greater than 16 was considered as 

“high quality”; otherwise, the study was considered as “low quality”. 

To the best of our knowledge, no validated scale is available to assess the quality of 

time-series, panel, and case-crossover study designs. We therefore assessed their 

quality using a scale suggested by Mustafić et al. (2012), which was adapted from the 

validated NOS scale and the Cochrane risk of bias tool (Higgins et al., 2011). 

Mustafić’s adapted scale included three items, and “0-3” points were assigned for the 



10 
 

following elements: validation of depression (0: absence of valid criteria; 1: presence 

of valid criteria), the quality of air pollutant measurements (0: measurements were not 

performed at least daily or > 25% data were missing; 1: measurements were 

performed at least daily and missing data < 25%), and the extent of confounder 

adjustments (0: no adjustment was made for long-term trends, season, and air 

temperature; 1: only long-term trends, season, and air temperature were adjusted; 2: 

adjustment was made either for humidity or day of week in addition to the 

corresponding adjustments with a score of 1; 3: adjustment was made for holidays in 

addition to the corresponding adjustments with a score of 2) (Mustafić et al., 2012). If 

the maximum score was achieved for all the three items (i.e., 5 points in total), the 

study was categorized as “high quality”; otherwise, the study was categorized as “low 

quality”. 

2.5. Risk of bias assessment 

We further assessed the risk of bias (ROB) for each study, which is a new concept in 

environmental health study and related to but different from the methodological 

quality assessment. ROB was defined as characteristics of a study that can introduce 

systematic errors in effect estimate (the magnitude or direction) (Woodruff and Sutton, 

2014). A study conducted with high methodological standards may still have high 

ROB, which will ultimately influence the magnitude or direction of an association. To 

evaluate ROB for cohort and cross-sectional studies, we applied the National 

Institutes of Environmental Health Sciences National Toxicology Program Office of 

Health Assessment and Translation (OHAT) ROB (OHAT, 2015). In the absence of a 

validated ROB tool for time-series and case-crossover studies, we evaluated the ROB 

of such studies according to the OHAT tool as well as using the University of 
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California at San Francisco (UCSF) Navigation Guide (Lam et al., 2016; Woodruff 

and Sutton, 2014). 

We used the OHAT tool and UCSF Navigation Guide to assess the selected studies for 

key (exposure assessment, outcome assessment, and confounding bias) and other 

methodologic criteria (selection bias, attrition/exclusion bias, selective reporting bias, 

conflict of interest, and other sources of bias). We tailored adapted criteria for the 

ROB assessment of each study to our specific systematic review, which is provided in 

Table S3. For example, in the “confounding bias” of the key criteria, we extracted all 

adjustments from the individual studies and developed a directed acyclic graph (DAG) 

to select the most parsimonious confounders for adjusting and potential mediators. 

Then, we ranked the risk of confounding bias according to the selected covariates and 

mediators. The potential confounders selected using DAG included meteorological 

factors (e.g. temperature, relatively humidity, barometric pressure, sunlight hours, and 

wind speed), age, sex, ethnicity, household income, smoking, physical activity, day of 

week, season, urbanity, population density, region, occupation, domestic fuel type and 

ventilation, social-economic status, and the spent outside and time spent in front of a 

screen. The potential mediators included triglycerides levels, health status, social 

satisfaction, sleep difficulties, and SBP (Fig. S1). The selected studies were classified 

as “low”, “probably low”, “probably high”, or “high” risk levels for each of these 

domains. Following OHAT tool guidelines, we excluded studies from the systematic 

review that were classified as “high” or “probably high” risk on the key criteria and 

most of the other criteria. 

2.6. Standardization of data 

We summarized measures of association between air pollutant and depression as ORs. 
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To facilitate a comparison of effect sizes from the different studies, we standardized 

the effect estimate units across studies to a 10 µg/m3 change in air pollutant 

concentrations prior to pooling. Other reported quantities were first converted into 

µg/m3 as: (a) 1 ppm = 1000 ppb; (b) nitrogen dioxide (NO2): 1 ppb = 46/22.4 µg/m3; 

(c) sulfur dioxide (SO2): 1 ppb = 64/22.4 µg/m3; and (d) ozone (O3): 1 ppb = 48/22.4 

µg/m3. We calculated the standardized OR for each study as (Kim et al., 2018): 

ORStandardized=e 
(

ln (OR
Origin

)

IncrementOrigin 
    ×    IncrementStandardized)

 

For short-term exposure studies, authors used different lag patterns to evaluate 

immediate and delayed effects of ambient air pollutants exposure on odds for 

depression. Some studies provided multiple estimates for single-day lags (e.g., lag 0, 1, 

2 days), while others provided cumulative lags (e.g., lag 0-7 days). To facilitate 

pooling across studies, we selected lags based on the following criteria: (a) if only one 

lag estimate was provided, the estimate was used; or (b) if multiple lags were 

provided, in order of precedence we chose the lag that the investigators focused on or 

stated as a priority, the lag that was statistically significant, or the lag with the largest 

effect estimates (Atkinson et al., 2012; Yang et al., 2018). 

Most studies did not perform or report results from multi-pollutant models. Therefore, 

we only extracted and pooled effect estimates generated from single-pollutant models. 

When studies provided results from several nested adjusted models or sensitivity 

analyses, we only chose results from the “main model” designated by the 

investigators. 

2.7. Meta-analysis methods 

We retrieved effect estimates (OR, RR, or HR) and 95% CI for associations between 
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each air pollutant and depression in the included studies. Most studies reported ORs, 

thus we used it as measure of association across all studies. Since depression was rare 

(the prevalence was approximately 4.4%, WHO, 2017), we considered OR as 

equivalent to RR and HR (Eze et al., 2015). Between-study heterogeneity was tested 

by calculating I2 (I2 = 0-25% represents no heterogeneity; I2 = 25-50% represents 

moderate heterogeneity; I2 = 50-75% represents large heterogeneity; I2 = 75-100% 

represents extreme heterogeneity). If I2 < 50%, the Mantel-Haenszel fixed effects 

model was used; otherwise, the IVhet model (Doi, et al., 2015; Doi, et al., 2017) was 

used. We also reported the pooled effects from the random effects model. However, 

the IVhet model outperforms the random effects model, which favours larger studies, 

retains a correct coverage probability, and exhibits a lower observed variance, 

regardless of heterogeneity (Doi et al., 2015). We performed sensitivity analysis to 

test the stability of the overall estimate by examining the influence of excluding each 

study. Additionally, univariate meta-regression was performed to explore the source of 

heterogeneity for meta-analysis with ≥ 10 studies included (Higgins and Green, 2011). 

Potential moderators including study location (Europe, Asia, North America, and 

Mixed areas), study design (cross-sectional and cohort), age (mean/median age of 

participants ≥ 45 years, and < 45 years), background PM2.5 level (mean/median of 

background PM2.5 levels ≥ 15 µg/m3, and < 15 µg/m3), PM2.5 levels measurement 

method (monitoring station and models), depression definition (questionnaire, ICD 

code, ICPC code, and use antidepressants), gender proportion (male proportion ≥ 50%, 

and < 50%), sample size (studies with ≥ median number of participants, and < median 

number), and type of effect estimate (OR and HR). Publication bias was examined 

using Doi plot and the Luis Furuya-Kanamori (LFK) index. LFK index < |1| indicates 

“no asymmetry”, LFK index between |1| and |2| indicates “minor asymmetry”, and 
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LFK index > |2| indicates “major asymmetry” (MetaXL User Guide, 

www.epigear.com). 

We graded the overall quality of the pooled evidence according to the Grading of 

Recommendations Assessment, Development, and Evaluation (GRADE) Working 

Group guideline (Morgan et al., 2019). The ROB (e.g., bias from exposure assessment, 

outcome assessment and confounding, selection bias, attrition/exclusion bias, 

selective reporting bias, conflict of interest), inconsistencies (high heterogeneity and 

disparate results across studies), indirect evidence (the evidence cannot directly 

answer the research question), imprecision (e.g., small sample size, wide CI), and 

publication bias (assessed using LFK index) are considered. All studies were started at 

the same “high quality” rating regardless of study design. Credibility of evidence was 

finally classified as “high”, “moderate”, “low”, and “very low”. 

All statistical analyses were performed using the STATA package version 11.0 

software program (StataCorp, College Station, TX, USA) and MetaXL v.5.3 software 

(EpiGear International Pty Ltd, Sunrise Beach, Queensland, Australia, 

www.epigear.com), and a two-tailed P-value less than 0.05 was defined as statistically 

significant. 

3. Results 

3.1. Literature retrieval and study characteristics 

After removing duplicates, we were left with 10,896 papers for screening on titles and 

abstracts levels (Fig.1). We retrieved the full text of 51 relevant papers. Finally, we 

retained 19 papers describing the results of 22 studies (or data sets), that met our 

inclusion criteria, in the meta-analysis. 
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Table 1 summarizes the baseline characteristics of the 22 studies in our retained 

papers. Seven of the 22 studies were performed in Asia, five in North America, nine in 

Europe, and one in multiple countries. Most studies adopted a cohort design (n = 10), 

followed by cross-sectional (n = 7), case-crossover (n = 3), time-series (n = 1), and 

panel (n = 1) designs. Thirteen studies investigated the long-term effects of air 

pollution on depression, and the sample sizes for these studies ranged from n = 284 to 

n = 354,827. Seven studies investigated the short-term effects and their sample sizes 

ranged from n = 537 to n = 69,132. Two studies explored both long-term and 

short-term effects. Of the 22 studies, 20 were conducted among healthy populations 

(Szyszkowicz et al., 2009; Lim et al., 2012; Wang et al., 2014; Zijlema et al., 2016; 

Szyszkowicz et al., 2016; Kim et al., 2016; Vert et al., 2017; Pun et al., 2017; Lin and 

Guo et al., 2017; Lin and Zhou et al., 2017; Kioumourtzoglou et al., 2017; Kim and 

Kim, 2017; Wang et al., 2018; Roberts et al., 2019; Zhao et al., 2019; Zhang et al., 

2019; Klompmaker et al., 2019), while the remaining two studies were based on 

specific populations with cardiovascular diseases, diabetes mellitus, or asthma (Cho et 

al., 2014; Zock et al., 2018). 

For exposure assessment, nine studies used data from fixed air monitoring stations to 

assess air pollution exposure (Szyszkowicz et al., 2009; Lim et al., 2012; Wang et al., 

2014; Cho et al., 2014; Szyszkowicz et al., 2016; Kim et al., 2016; Lin and Zhou et al., 

2017; Kim and Kim, 2017; Wang et al., 2018), twelve studies used air pollution data 

predicted by models, such as land use regression (LUR), and spatiotemporal models 

(Zijlema et al., 2016; Vert et al., 2017; Pun et al., 2017; Lin and Guo et al., 2017; 

Kioumourtzoglou et al., 2017; Zock et al., 2018; Roberts et al., 2019; Zhang et al., 

2019; Klompmaker et al., 2019), and the remaining one study used monitoring 

stations data for short-term exposure and LUR model for long-term exposure (Zhao et 
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al., 2019). For outcome assessment, five and one studies used the ICD code and the 

ICPC code, respectively. Thirteen studies used depression scales or interviews, and 

the remaining three studies used doctor-diagnosed depression and/or antidepressant 

medication use. 

3.2. Study quality and risk of bias 

According to the NOS and JBI scales (Table S4), seven cohort studies (Wang et al., 

2014; Zijlema et al., 2016; Kim et al., 2016; Pun et al., 2017; Kioumourtzoglou et al., 

2017; Roberts et al., 2019; Zhang et al., 2019), seven cross-sectional studies (Vert et 

al., 2017; Lin and Guo et al., 2017; Lin and Zhou et al., 2017; Kim and Kim, 2017; 

Zock et al., 2018; Zhao et al., 2019; Klompmaker et al., 2019), and one case-crossover 

study (Wang et al., 2018) were regarded as “high quality”, whereas none of the 

time-series, panel, or the remaining two case-crossover studies were “high quality” 

according to Mustafić’s criteria. 

With respect to the study ROB assessment, none of the 19 articles presented a high 

risk of bias. The detailed account of each study’s ROB assessment is provided in 

Table S4. 

3.3. Long-term air pollution exposure and depression 

Pooled effect estimates examining the associations between long-term air pollution 

exposure and depression are illustrated in Table 2 and Table S5. Twelve studies 

investigated PM2.5 and depression. Under the IVhet model, exposure to PM2.5 was not 

significantly associated with depression (OR = 1.12, 95% CI = 0.97 - 1.29; I2 = 51.6%) 

(Fig.2). However, the association was significant under the random effects model 

(Table S5). Doi plot with LKF index indicates major asymmetry (Fig.S2). When any 
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single study or some specific studies were excluded (Zock et al., 2018; Robert et al., 

2019), the pooled estimates were not materially changed (Fig.S3-S4). For example, 

when Zock et al. (2018) and Robert et al. (2019) were excluded at the same time, the 

pooled OR for long-term PM2.5 exposure was 1.11 (0.99, 1.24) (Fig.S4). 

Meta-regression results showed that study location (P = 0.299), study design (P = 

0.983), age (P = 0.777), background PM2.5 level (P = 0.938), PM2.5 exposure 

measurement methods (P = 0.128), depression definition (P = 0.686), gender ratio (P 

= 0.420), sample size (P = 0.234), and type of effect estimate (P = 0.740) were not the 

source of the between-study heterogeneity. 

The associations between long-term PM10 and NO2 exposure with depression were 

estimated by eight and seven studies, respectively (Table 2). None of the associations 

was significant either under the IVhet model (PM10: OR = 1.04, 95% CI = 0.88 - 1.25, 

Fig.S5; NO2: OR = 1.05, 95% CI = 0.83 - 1.34, Fig.2) or the random effects model 

(PM10: OR = 1.06, 95% CI = 0.94 - 1.20; NO2: OR = 1.12, 95% CI = 0.99 - 1.28; 

Table S5). The between-study heterogeneities were extreme for both PM10 (I
2 = 85.7%) 

and NO2 (I2 = 83.6%). The Doi plot showed major asymmetry for PM10 and NO2 

(Fig.S6-S7). In sensitivity analyses, when any single study or some specific studies 

were excluded (Zock et al., 2018; Robert et al., 2019), the pooled estimates were not 

materially changed, indicating the robustness of the pooled estimates (Fig.S8-S10). 

For example, when Zock et al. (2018) and Robert et al. (2019) were excluded at the 

same time, the pooled OR for long-term NO2 exposure was 1.05 (0.73, 1.51) 

(Fig.S10). Due to the limited number of studies, we did not perform meta-regression 

analyses for them. Additionally, our confidence in the cumulative evidence was “very 

low” or “low” for the pooled associations of long-term PM2.5, PM10, and NO2 with 

depression based on the GRADE system (Table S6). 
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The associations of PM2.5absorbance and NOx with depression were investigated by one 

study each, and both reported positive associations (Vert et al., 2017). Two studies 

looked at O3 and depression, but the results were mixed (Kioumourtzoglou et al., 

2017; Zhao et al., 2019). Due to limited data, we did not perform meta-analyses for 

PM2.5absorbance, NOx, or O3 exposure. 

3.4. Short-term air pollution exposure and depression 

Pooled effect estimates describing the associations between short-term air pollution 

exposure and depression are summarized in Table 2 and Table S5. Six, five, seven, six, 

and seven studies focused on short-term exposure to PM2.5, PM10, NO2, SO2, and O3, 

respectively (Fig.3 and Fig.S11-S13). The pooled results under the IVhet model 

showed that only NO2 was significantly associated with higher odds for depression 

(OR = 1.02, 95% = 1.00 - 1.04), and no significant association was found for the 

remaining four air pollutants (PM2.5: OR = 1.01, 95% CI = 0.99 - 1.04; PM10: OR = 

1.01, 95% CI = 0.98 - 1.04; SO2: OR = 1.03, 95% CI = 0.99 - 1.07; O3: OR = 1.01, 95% 

CI = 0.99 - 1.03). However, under the conventional random effects model, the odds 

for depression were significantly associated with all the four pollutants (Table S5). 

The heterogeneity was large to extreme for all the five pooled associations (I2 ranged 

from 51.6% to 86.7%). The Doi plot showed major asymmetry in PM10, NO2, and O3, 

and symmetrical in PM2.5 and SO2 (Fig.S14-S18). Sensitivity analyses excluding 

single studies did not materially change the pooled results (Fig.S19-S23). The 

credibility of the cumulative evidence was “low” or “very low” for short-term 

exposure to NO2, PM10, and O3, and was “moderate” for PM2.5 and SO2 according to 

GRADE criteria (Table S6). 

One study investigated the association between short-term NO exposure and 
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depression, and detected non-significant association (Wang et al., 2014). Two studies 

focused on short-term CO exposure and depression, but reported inconsistent results 

(Wang et al., 2014; Cho et al., 2014). Due to the limited number of studies, we did not 

generate pooled effect estimates for short-term NO or CO exposure and depression. 

4. Discussion 

4.1. Principal findings 

In this systematic review and meta-analysis, we synthesized 22 studies from 10 

countries to comprehensively evaluate the associations of long-term and short-term 

ambient air pollutants exposure with depression. We only observed significant 

association between short-term exposure to NO2 and depression under the advanced 

IVhet meta-analyses, although more significant associations were detected under the 

conventional random effects model. Due to high between-study heterogeneity, the 

confidence in the pooled estimates were ranked as low or moderate, so a future 

meta-analysis incorporating additional study populations will be necessary to draw 

more definitive conclusions. A handful of studies explored the impact of other air 

pollutants, like NO, CO, and O3, and the results were mixed. 

4.2. Comparison with other studies 

We systematically searched seven databases in two languages and were aware of one 

recently published meta-analysis on air pollution and depression (Gu et al., 2019, 

Table S7). In that meta-analysis, the authors investigated short-term effects of PM10 

and PM2.5 as well as long-term effects of PM2.5. They included seven studies (n = 

255,181) on PM2.5 and PM10 exposure and depression, and reported that both 

long-term (OR = 1.25, 95% CI = 1.07 - 1.45) and short-term PM2.5 (OR = 1.18, 95% 
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CI = 1.04 - 1.34) exposure were associated with higher odds for depression. No 

significant association was observed for short-term PM10 exposure. By comparison, 

we not only focused on PM10 and PM2.5, but also NO2, SO2, O3, CO, and NO. Thus, 

our pooled estimates were based on triple the number of studies and a substantially 

larger study population, which provided a more precise estimate of the association 

between ambient air pollution and depression. In addition, while the prior 

meta-analysis only adopted the random effects model, our current analysis applied 

both the random effects model and the IVhet model. Under the conventional random 

effects model, our pooled effects for both long- and short-term PM2.5 exposure with 

depression were consistent with those from Gu et al.’s meta-analysis. However, the 

significant relationships disappear under the IVhet model. As is aforementioned in the 

methods section, the IVhet model outperforms the random effects model (Doi et al., 

2015), thus our current pooled estimates would be more robust. Moreover, apart from 

study quality assessment, we also did ROB assessment for each study, performed 

meta-regression analyses to explore the sources of heterogeneity, and graded the 

credibility of the cumulative evidence. Collectively, our systematic review and 

meta-analysis builds on the prior meta-analysis by covering more air pollutants, 

including more studies and participants, and performing more thorough assessment 

for the included studies. As such, the evidence from our study might be more 

comprehensive and precise. 

We excluded five studies concerning air pollution and depression that did not provide 

sufficient quantitative data for pooling in the current meta-analysis (Wang and Yang, 

2018; Wang et al., 2019; Qiu et al., 2019; Sheffield et al., 2018; Shin et al., 2018). 

Specifically, two cross-sectional studies in China observed that greater levels of PM2.5, 

SO2, and total suspended particulate emission intensities were consistently associated 
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with a higher prevalence of depression (Wang and Yang, 2018; Wang et al., 2019). A 

time-series study of 10,947 participants showed that short-term PM2.5 exposure 

contributed to 12.07% of total hospital admissions for depression (Qiu et al., 2019). A 

cohort study of 557 pregnant U.S. women observed greater mid-pregnancy PM2.5 

exposures to be associated with a greater frequency of depressive symptoms 

(Sheffield et al., 2018). Finally, Shin et al. also reported higher odds for depression in 

association with greater quartiles of ambient CO, NO2, and PM10 levels in more than 

120,000 Koreans (Shin et al., 2018). The results from these studies collectively 

supported a positive association between air pollution and depression, which were 

consistent with our meta-analytical estimates under the conventional random effects 

model, but were contrary with the estimates from the IVhet model. 

Our results also indicate that the exposure period may modify associations between 

air pollution exposure and depression. More specifically, we found a significant 

association for depression with short-term exposure to NO2, yet non-significant 

association with long-term exposure for NO2. Still, most included short-term exposure 

studies did not adjust for long-term air pollution exposure, and we were thus unable to 

disentangle mutually confounded short- and long-term NO2 effects. Participants’ 

characteristics like age, sex, and income were also hypothesized to modify the 

association between air pollution and health outcomes. However, most included 

studies did not report stratified results, and thus we were unable to conduct subgroup 

analyses to assess the potential modification by these variables. 

4.3. Pathophysiological mechanisms 

The pathophysiological mechanisms underlying the association between ambient air 

pollution exposure and depression remain unclear, but several pathways have been 
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proposed (Block and Calderón-Garcidueñas, 2009; MohanKumar et al., 2008). It has 

been well-documented that inhalation of air pollutants can cause oxidative stress and 

systemic inflammation (Risom et al., 2005; Araujo, 2010; Møller and Loft, 2010). 

Mechanistic evidence indicates that ambient air pollutants might affect psychological 

status by causing oxidative stress and neuro-inflammation (Ng et al., 2008; Hurley 

and Tizabi, 2013). Oxidative stress can damage dopaminergic neurons; depletion of 

central nervous system dopamine is likely involved in the neuropathology of 

depression (Hasler, 2010; Block et al., 2004). Additionally, ambient air pollutions 

exposure may cause cerebrovascular damage and neurodegeneration by increasing 

expression of inflammatory mediators (e.g., hippocampal pro-inflammatory 

cytokines), upregulating expression of innate immunity, promoting autoantibodies to 

cell junction and neural proteins production, and activating neuro-inflammation 

responses (Fonken et al., 2011; Sama et al., 2007; Calderón-Garcidueñas et al., 2003). 

Moreover, many neuroimaging studies also found that air pollutants can hurt brain 

tissues (e.g., white matter, cortical gray matter, and basal ganglia) and thus cause 

cognitive disorders in humans (de Prado Bert et al., 2018; Wilker et al., 2015). 

Additionally, previous researches demonstrated that air pollution exposure impaired 

people’s residential satisfaction and self-perceived health, which have been associated 

with mental health (von Lindern et al., 2016; Liu et al., 2018; Nguyen et al., 2017). 

Furthermore, exposure to ambient air pollutions has been linked to cardiovascular 

diseases, asthma, and chronic obstructive pulmonary diseases, and cancers (Franklin 

et al., 2015; Guarnieri and Balmes, 2014; Zhang et al., 2016; Hamra et al., 2014), 

which are also important predictors of depression (Ng et al., 2008; Maurer et al., 2008; 

Scott et al., 2007; Ossola et al., 2018; Sotelo et al., 2014). The positive associations 

between NO2 exposure and depression in our meta-analysis are consistent with these 
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hypothesized mechanisms. 

4.4. Strengths and limitations 

The current study has several strengths. First, we provide the most comprehensive 

evidence on the relationship between depression and ambient air pollution exposure to 

date. The total number of participants was large, we not only estimated airborne PM, 

but also airborne gaseous pollutants. Second, we assessed the quality and ROB for 

each included study according to validated or widely accepted scales and determined 

confidence of our pooled estimates according to the GRADE system. Thus, our 

pooled results may be valuable for researchers in this area to identify research gaps 

and to improve future study designs. Third, we conducted multiple sensitivity 

analyses by excluding any single study or some specific studies (e.g., two studies that 

included children and teenagers < 18 years of age as participants (Zock et al., 2018; 

Robert et al., 2019)), and found that the effects estimates were consistent with those 

from the overall analyses. This indicates that these pooled results were reliable. 

However, our study also has some limitations. First, there was high between-study 

heterogeneity for all of the pooled air pollutants-depression associations, although we 

adopted the robust IVhet model to generate pooled estimates. With a limited number 

of studies, we were unable to perform sub-group and meta-regression analyses to 

identify the sources of the heterogeneity except for the association between long-term 

PM2.5 exposure and depression. However, we found that none of the detected potential 

moderators contributed to the heterogeneity for the association of long-term PM2.5 

exposure and depression. This indicates that other unmeasured or unreported variables 

would be more responsible for the heterogeneity. Second, according to the GRADE 

system, the credibility of the cumulative evidence was “low” or “very low” for all 
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meta-analyses except that for short-term exposure to PM2.5 and SO2 (moderate). The 

main causes for degrading the quality of the cumulative evidence included high 

heterogeneity and inconsistent results across studies as well as publication bias. The 

strength of recommendation in healthy and environmental policy-making guidelines 

was therefore greatly compromised. Third, while the included cohort and 

cross-sectional studies were ranked as “high” quality, those with a time-series, panel, 

or case-crossover design has low quality. The main reason for the low quality was that 

such short-term studies did not control for long-term air pollution exposure, which 

preclude us to disentangle between short-term triggering effects of air pollution and 

long-term effects. In addition, about half of the included studies assessed exposure 

using data from fixed air monitoring stations, which might have caused exposure 

misclassification. Further, many studies defined depression using questionnaires, but 

not clinically diagnosed, thus outcome misclassification is also possible. Fourth, the 

number of studies (or data sets) for some air pollutants (e.g., NO and CO) was small 

(n ≤ 2) (Wang et al., 2014; Cho et al., 2014), which precluded meta-analysis. Fifth, the 

included studies were not representative of global populations, as nearly all included 

were from China, Korea, North America, and Europe, and so our results may not be 

generalizable to other areas. Sixth, most studies only reported estimates from 

single-pollutant model, thus we were unable to explore potential synergistic or 

additive effects of correlated exposures in multi-pollutant mixtures (Billionnet et al., 

2012). Seventh, most studies used a linear model to fit the air pollutant-depression 

associations, but associations may be non-linear. Eighth, nearly all of our included 

studies controlled for potential confounders, yet confounding factors varied among the 

studies, and some important confounding factors such as noise and greenspace were 

not considered. Thus, we cannot rule out the possibility for residual and unmeasured 
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confounding in our pooled estimates. Ninth, we did not convert HR and RR to OR, 

but pooled them directly, this might have biased the pooled results. Finally, the 

approach used to select lag for short-term exposure studies might have biased to a 

greater pooled effect estimate. 

5. Conclusions and Future perspectives 

In summary, the present systematic review and meta-analysis indicates an association 

for short-term exposure to NO2 and depression, but not for the other air pollutants. 

However, due to high between-study heterogeneity and small sample sizes for some 

pollutants, it is difficult to draw a robust conclusion on the plausibility of an air 

pollution-depression association. In the future, research focus should be extended to 

other geographic areas, especially those with high ambient air pollution levels like 

Africa and India. Advanced methods should be applied to assess individual air 

pollution exposure, and more strict definition and diagnosis for depression should be 

adopted. More sophisticated statistical analyses including multi-pollutant models, 

non-linear association investigation, and effect modification assessment, should be 

employed. Some important confounding variables, including meteorologic factors, 

noise, and green space, should be collected and adjusted. To facilitate future 

quantitative synthesis, authors should improve results importing, providing numerical 

estimates and describing bias concerns. Finally, mechanistic studies remain needed to 

clearly elucidate the biological pathways underlying associations between air 

pollution and depression. 
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Table 1. Characteristics of the studies included in the meta-analysis. 
Authors 

(publication year) 

Study 

Location 

Study 

Design 

Study 

Participants 

Studied 

Pollutants 

Exposure 

duration 

Exposure 

assessment 

Outcome 

definition 

Pollutants 

(increment) 

and estimates 

Szyszkowicz et al. 

(2009) 

Canada 

(North America) 

Time-series Emergency visits for depression from 

six cities in Canada (n = 27, 047) 

PM2.5, PM10, CO, 

NO2, SO2, O3 

Short-term National Air Pollution 

Surveillance system 

(Monitoring station) 

ICD-9, 

rubic-296 or 311 

% change in RR 

PM10 (19.4 µg/m3): 

%RR: 6.4 (3.6, 9.4); 
PM2.5 (8.3 µg/m3): 

%RR: 2.3 (-0.2, 4.7); 

NO2 (20.1 ppb): 

%RR: 10.0 (6.6, 13.6); 

SO2 (4.6 ppb): 

%RR: 2.6 (-0.1, 5.3); 

O3 (18.9 ppb): 
%RR: -4.0 (-7.3, -0.6) 

Lim et al. (2012) Korea 

(Asia) 

Panel Participants who visited a community center 

for the elderly located in Seoul, Korea (2008 

-2010), with an average age of 71 years 

(n = 537) 

PM10, SO2, 
NO2, O3 

Short-term Monitoring station SGDS-K % change in RR 

PM10 (24.2 µg/m3): 

%RR: 17.0 (4.9, 30.5); 

NO2 (15 ppb): 

%RR: 32.8 (12.6, 56.6); 

SO2 (2.3 ppb): 

%RR: -20.0 (-36.6, 0.9); 
O3 (37.0 ppb): 

%RR: 43.7 (11.5, 85.2) 

Wang et al. (2014) United States 

(North America) 

Cohort Participants from the MOBILIZE Boston 

Study (2005-2008) aged greater than 

65 years (n = 732). 

PM2.5, NO2, O3, 
CO, NO 

Short-term Harvard School of 

Public Health 

Stationary ambient 

monitoring site 

CESD-R PM2.5 (3.40 µg/m3): 

OR: 0.67 (0.46, 0.98); 

NO2 (4.07 ppb): 

OR: 1.32 (0.99, 1.76); 

O3 (13.45 ppb): 
OR: 0.71 (0.46, 1.09) 

Cho et al. (2014) Korea 

(Asia) 

Case-crossover Patients (cardiovascular disease, 

diabetes mellitus, or asthma patients) 

visited the emergency department for 

depression, with a mean age of 

44 years (n = 4985) 

PM10, SO2, 

NO2, O3, CO 

Short-term Monitoring stations ICD-10. F32 PM10  (36.7µg/m3): 

OR: 1.12 (1.07, 1.18); 

NO2 (12.04 ppb): 

OR:1.082 (1.03, 1.13); 

SO2 (2.33 ppb): 

OR: 1.103 (1.043, 1.166); 

O3 (10.04 ppb): 
OR: 1.059 (0.995, 1.127) 

Szyszkowicz et al. 

(2016) 

Canada 

(North America) 

Case-crossover People who visited hospital emergency 

departments for depression (n = 118, 602) 

PM2.5, SO2, NO2, O3 Short-term Environment Canada 

(Monitoring stations) 

ICD-F32/F33 Males 

PM.2.5 (7.12µg/m3): 

OR: 1.02 (1.00, 1.05); 

NO2 (9 ppb): 

OR: 1.015 (0.99, 1.04); 

SO2 (2.5 ppb): 

OR: 1.02 (0.997, 1.04); 
O3 (14.5 ppb):  

OR: 1.04 (1.01, 1.07); 

Females 

PM2.5 (7.12µg/m3): 

OR: 1.01(0.996, 1.03); 

NO2 (9 ppb): 

OR: 1.03 (1.00, 1.05); 
SO2 (2.5 ppb): 

OR: 1.02 (1.01, 1.04); 

O3 (14.5 ppb): 

OR: 1.06 (1.03, 1.08) 

Zijlema et al. 

-LifeLines (2016) 

Netherlands 

(Europe) 

Cohort Participants of LifeLines cohort (2007-2013) 

with a mean age of 43.8 years at baseline 

(n = 32, 145) 

 

PM10, PM2.5, NO2, Long-term LUR model DSM-IV PM10 (10 µg/m3): 

OR: 2.66 (1.63, 4.35); 

PM2.5 (5 µg/m3): 

OR: 1.04 (0.32, 3.4); 
NO2 (10 µg/m3): 

OR: 1.34 (1.17, 1.53) 

Zijlema et al. 

-KORA (2016) 

Germany 

(Europe) 

Cohort Participants of KORA cohort (2004-2005 and 

2006-2008) with a mean age of 55.3 years at 

baseline (n = 5314) 

 

PM10, PM2.5, NO2, Long-term LUR model PHQ-9 PM10 (10 µg/m3): 

OR: 0.74 (0.16, 3.47); 

PM2.5 (5 µg/m3): 

OR: 1.06 (0.25, 4.51); 

NO2 (10 µg/m3): 

OR: 1.01 (0.67, 1.54) 
Zijlema et al. 

-HUNT (2016) 

Norway 

(Europe) 

Cohort Participants of HUNT cohort (2006-2008) 

with a mean age of 54.7 years at baseline 

(n = 32, 102) 

 

PM10, PM2.5, NO2, Long-term LUR model HADS-D PM10 (10 µg/m3): 

OR: 0.36 (0.20, 0.66); 

NO2 (10 µg/m3): 

OR: 0.79 (0.66, 0.94) 

Zijlema et al. 

-FINRISK (2016) 

Finland 

(Europe) 

Cohort Participants of FINRISK cohort (2007) 

with a mean age of 51.9 years at baseline 

(n = 1367) 

PM10, PM2.5, NO2 Long-term LUR model CESD-11 PM2.5 (5 µg/m3): 

OR: 1.39 (0.64, 3.05) 

Kim et al. (2016) Korea 

(Asia) 

Cohort Participants of NHID cohort (2002-2010) 

aged 15-79 years at baseline (n= 27,270) 

PM2.5 Long-term Monitoring stations ICD-10 code 

F32.x and 

antidepressant 

prescription 

PM2.5 (10 µg/m3): 

HR: 1.47 (1.14, 1.90) 
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Vert et al. (2017) Spain 

(Europe) 

Cross-sectional Participants from the ALFA cohort 

(2013-2014) with a mean age of 56.5 

years (n=958) 

PM10, PM2.5, NO2, 

PM coarse, NOx 

Long-term LUR model Self-report of 

doctor-diagnosed 

depression or 

antidepressants 

medication use 

PM10 (10 µg/m3): 

OR: 6.52 (1.82, 23.35); 

PM2.5 (5 µg/m3): 

OR: 4.38 (1.70, 11.3); 

NO2 (10 µg/m3): 

OR: 2.00 (1.37, 2.93) 
Lin and Guo et al. 

(2017) 

China, Ghana, 

India, Mexico, 

Russia, South Africa 

Cross-sectional Participants from SAGE cohort (2007-2010) 

aged 18 years or older (n = 41, 785) 

PM2.5 Long-term GEOS-Chem chemical 

transport model 

WHO 

WMH-CIDI 

PM2.5 (10 µg/m3): 

OR: 1.10 (1.02, 1.19) 

Kioumourtzoglou et al. 

(2017) 

United States 

(North America) 

Cohort Women from the NHS cohort (1996-2008) 

with a mean age of 66.6 years (n = 41, 844) 

PM2.5, O3 Long-term Nationwide 

spatiotemporal model 

Self-report of 

doctor-diagnosis/ 

antidepressant 

medication use 

PM2.5 (10 µg/m3): 

HR: 1.08 (0.97, 1.20) 

Kim et al. (2017) Korea 

(Asia) 

Cross-sectional Residents living in 25 communities in Seoul 

aged 19 years or older (n = 23, 139) 

PM10 Long-term National Institute of 

Environmental 

Research 

(Monitoring stations) 

Self-designed 

questionnaire 

PM10 (10 µg/m3): 

OR: 1.01 (0.98, 1.05) 

Pun et al. (2017) United States 

(North America) 

Cohort Participants from the NSHAP cohort 

(2005-2006 and 2010-2011) with a mean age 

of 69.3 at baseline (n = 4008) 

PM2.5 Both Generalized additive 

mixed models 

CESD-11 Long-term 

PM2.5 (5 µg/m3): 

OR: 1.04 (0.89, 1.22); 

Short-term 
PM2.5 (5 µg/m3): 

OR: 1.08 (1.00, 1.16) 

Lin and Zhou et al. 

(2017) 

China 

(Asia) 

Cross-sectional Pregnant women who regularly visited 

prenatal-care Clinics in Shanghai (2010) 

with a mean age of 28 years (n=1,931) 

PM10, SO2, NO2 Short-term Shanghai 

Environmental 

Monitoring Center 

SCL-90-R PM10 (57 µg/m3): 

OR: 1.04 (0.92, 1.18); 

NO2 (12.8 µg/m3): 

OR: 1.21 (0.96, 1.52); 

SO2 (14.0 µg/m3): 
OR: 1.22 (1.05, 1. 42). 

Wang et al. (2018) China 

(Asia) 

Case-crossover Hospital admissions related to depression 

from 26 cities of China (n = 19, 646) 

PM10, PM2.5 Short-term National Air Pollution 

Monitoring System 

ICD-10. 

F32/33/34.1/41.2 

% change in RR 

PM.10 (76.9µg/m3): 

%RR:4.36 (2.05, 6.73); 

PM.2.5 (47.5µg/m3): 

%RR:6.21 (3.85, 8.63) 

Zock et al. (2018) Netherlands 

(Europe) 

Cross-sectional 4450 residents from 135 neighbourhoods in 

43 Dutch municipalities, aged 40.5 years 

PM2.5, PM10, NO2 Long-term ESCAPE model ICPC codes PM10 (10 µg/m3):  

OR: 2.33 (0.73, 7.44); 
PM2.5 (10 µg/m3):  

OR: 6.42 (1.39, 29.7); 

NO2 (10 µg/m3):  

OR: 1.15 (0.95, 1.39). 

Roberts et al. (2019) England 

(Europe) 

Cohort 284 children living in London drawn from 

the Environmental Risk Longitudinal Twin 

study 

PM2.5, NO2 Long-term KCLurban model Children‘s 

Depression 

Inventory 

PM2.5 (14.09 µg/m3):  

OR: 1.63 (1.08, 2.46); 

NO2 (37.9 µg/m3):  

OR: 1.57 (1.05, 2.35). 
Zhao et al. (2019) Germany 

(Europe) 

Cross-sectional Participants from two German birth cohorts 

(GINIplus and LISA cohorts), with an 

average age of 15.20 years (n = 2827) 

O3 Both Monitoring stations for 

short-term exposure; 

LUR model for 

long-term exposure 

Depression 

Screener  

for Teenagers 

Long-term 

O3 (3.2 µg/m3):  

OR: 1.08 (0.94, 1.23); 

Short-term 

O3 (39.7 g/m3):  

OR: 0.95 (0.82, 1.11). 

Zhang et al. (2019) Korea 
(Asia) 

Cohort Adults underwent a comprehensive annual or 
biennial health examination at clinics (n = 

123,045) 

PM2.5, PM10 Long-term LUR model based on 
subjects’ address postal 

codes 

CESD PM10 (10 µg/m3):  
HR: 1.11 (1.06, 1.16); 

PM2.5 (10 µg/m3):  

HR: 1.01 (0.83, 1.22); 

Klompmaker et al. 

(2019) 

Netherlands 

(Europe) 

Cross-sectional Adults from a national health survey (n = 

354,827) 

 Long-term LUR model based on 

home address 

Antidepressant 

medication use 

PM10 (1.24 µg/m3):  

OR: 0.99 (0.97, 1.01); 

PM2.5 (0.83 µg/m3):  

OR: 1.01 (0.99, 1.03); 

NO2 (7.85 µg/m3):  
OR: 1.03 (1.00, 1.05). 

Abbreviations: ALFA: Alzheimer and Families; CESD-11: 11-item form of the Center for 

Epidemiological Studies-Depression; CESD-R: Revised Center for Epidemiological Studies 

Depression Scale; CO: carbon monoxide; DSM-IV: Diagnostic and Statistical Manual of Mental 

Disorders; FINRISK: the Finnish National Cardiovascular Risk Factor Survey; GEOS: Geodetic 

Satellite; HADS-D: depression subscale of the Hospital Anxiety Depression Scale; HR: hazard ratio; 

HUNT: Helseundersøkelsen i Nord-Trøndelag; ICD-9: International Classification for Diseases, 9th 

revision; ICD-10: International Classification of Diseases, 10th revision; ICPC, International 

Classification of Primary Care; KORA: Cooperative Health Research in the Region Augsburg; LUR: 

land use regression; NO2 : nitrogen dioxide; NHID: National Health Insurance database; NHS: Nurses’ 

Health Study; NSHAP: National Social Life, Health and Aging Project; NO: nitrogen monoxide; NOx: 

oxynitride; O3: ozone; OR: odd ratio; PHQ-9: depression module of the patient health questionnaire; 

PM10: particle with aerodynamic diameter ≤ 10 µm; PM2.5: particle with aerodynamic diameter ≤ 2.5 

µm; PM: particulate matter; RR: relative risk; SAGE: Study on global AGEing and adults health; 

SCL-90-R: Symptom Checklist-90-Revised Scale; SGDS-K: The Korean version of the Geriatric 

Depression Scale-Short Form; SO2: sulfur dioxide; WHO: World Health Organization; WMH-CIDI: 
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World Mental Health Survey version of the Composite International Diagnostic Interview. 
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Table 2. Meta-analysis results for associations between long-term and 

short-term air pollution exposure and depression under the IVhet model. 

 No. 

of 

studie

s 

Sampl

e size 

OR 

(95

% 

CI) 

Cochran

's Q 

I2 Pheterogenei

ty 

LFK 

index 

Long-ter

m 

       

 PM2.5 12 637,29

7 

1.12 

(0.9

7, 

1.29

) 

22.72 51.

6 

0.019 4.52 

(Major 

asymmetr

y) 

 PM10 8 575,98

0 

1.04 

(0.8

8, 

1.25

) 

48.99 85.

7 

< 0.001 2.12 

(Major 

asymmetr

y) 

 NO2 7 430,08

0 

1.05 

(0.8

3, 

1.34

) 

36.69 83.

6 

< 0.001 2.67 

(Major 

asymmetr

y) 

Short-ter

m 

       

 PM2.5 6 170,02

7 

1.01 

(0.9

9, 

1.04

) 

10.32 51.

6 

0.067 -0.58 (No 

asymmetr

y) 

 PM10 5 54,146 1.01 

(0.9

8, 

1.04

) 

29.97 86.

7 

< 0.001 6.57 

(Major 

asymmetr

y) 

 NO2 7 153,82

6 

1.02 

(1.0

0, 

1.04

) 

17.34 65.

4 

0.008 6.00 

(Major 

asymmetr

y) 

 SO2 6 153,09

4 

1.03 

(0.9

9, 

17.37 71.

2 

0.004 -0.13 (No 

asymmetr

y) 
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1.07

) 

 O3 7 154,72

2 

1.01 

(0.9

9, 

1.03

) 

33.71 82.

2 

< 0.001 -2.34 

(Major 

asymmetr

y) 

Abbreviations: CI: confidence interval; IVhet: Inverse Variance 

Heterogeneity; LKF: Luis Furuya-Kanamori; NO2: nitrogen dioxide; O3: 

ozone; OR: odd ratio; PM10: particle with aerodynamic diameter ≤ 10 µm; 

PM2.5: particle with aerodynamic diameter ≤ 2.5 µm; SO2: sulfur dioxide. 
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Highlights 

1. A systematic review identified 22 studies from 10 countries of the world. 

2. Short-term exposure to NO2 was associated with an increased odds of depression. 

3. Long-term PM2.5, PM10, and NO2 exposure was not associated with depression. 

4. Short-term PM2.5, PM10, SO2, and O3 exposure was not associated with 

depression. 
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   No. of 

studies  
I2  IVhet model, 

OR (95% CI)  
Long-term  

  
  PM2.5  12  51.6  1.12 (0.97, 1.29)  
  PM10  8  85.7  1.04 (0.88, 1.25)  
  NO2  7  83.6  1.05 (0.83, 1.34)  

Short-term  
      

  PM2.5  6  51.6  1.01 (0.99, 1.04)  
  PM10  5  86.7  1.01 (0.98, 1.04)  
  NO2  7  65.4  1.02 (1.00, 1.04)  
  SO2  6  71.2  1.03 (0.99, 1.07)  
  O3  7  82.2  1.01 (0.99, 1.03)  

English databases 
  

Chinese databases 
  

Identification records 
  

= 14938) N  ( 
  

Screening records 
  

N  ( = 10896) 
  

Eligibility articles 
  

( N  = 19) 
  

Included studies 
  

( N  = 22) 
  


