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Abstract: Air pollution’s effects on physical health, especially cardiovascular and respiratory, are
well known. Exposure to air pollution may damage every organ and cell in the human body. New
evidence is emerging showing that air pollution adversely affects human mental health. Current
research suggests that high air pollution levels have long-term mental health effects, such as reduced
mental capacity and increased cognitive decline, leading to increased stress, anxiety, and depression.
Objectives: This scoping review aims to provide a comprehensive overview of the methods used
in epidemiological literature to ascertain the existence of links between outdoor particulate matter
(PM) and multiple adverse mental health (MH) effects (depression, anxiety, and/or stress). A better
understanding of the practical research methodologies could lead to improved air quality (AQ)
management and enhanced well-being strategies. Methods: This paper undertakes a scoping review.
PubMed and EMBASE databases from 2010 to 2024 were searched for English-language human cohort
observational studies stating methodologies used in analyzing the link between outdoor particulate
matter (ultrafine (UFT) (<0.1 µm), fine (<2.5 µm), and course (<10 µm)) and mental health outcomes
(depression, anxiety, and stress) in adults (>18 years), excluding vulnerable populations (i.e., elderly,
children, and pregnant women). The study focuses on urban, suburban areas, and rural areas. Results:
From an initial search of 3889 records, 29 studies met the inclusion criteria and were included in the
review. These studies spanned various countries and employed robust quantitative methodologies
to assess AQ and MH. All included studies investigated the impact of PM on mental health, with
some (n = 19/65.52%) also examining nitrogen oxides (NOx), nitrogen dioxide (NO2), sulfur dioxide
(SO2), ozone (O3), and carbon monoxide (CO). Depression was the most frequently studied outcome
(n = 10/34.48%), followed by anxiety and depression (n = 6/20.69%), and anxiety, stress, and
depression, and stress (n = 4/13.79%, each). Depression, anxiety, and stress together were examined
in a single study (n = 1/3.45%). Standardized questionnaires involving psychological scales such
as Patient Health Questionnaire (PHQ) (n = 7/24.14%) and The Center for Epidemiological Studies-
Depression (CES-D) (n = 3/10.34%) for depression and Generalized Anxiety Disorder Questionnaire
(GAD) (n = 2/6.90%) for anxiety were commonly used MH tools. 27 out of 29 studies found a
significant negative impact of air pollution on mental health, demonstrating a solid consensus in
the literature. Two studies did not find a significant correlation. The results consistently indicated
that higher levels of air pollution were associated with increased symptoms of depression, anxiety,
and stress. Conclusion: Of the 3889 identified studies, 29 were suitable for inclusion in the scoping
review per inclusion criteria. The results show the most preferred methods in assessing air quality
and mental health in relevant studies, providing a detailed account of each method’s strengths and
limitations used in studies. This scoping review was conducted to assist future research and relieve
the decision-making process for researchers aiming to find a correlation between air quality and
mental health. While the inclusion criteria were strict and thus resulted in few studies, the review
found a gap in the literature concerning the general adult population, as most studies focused on
vulnerable populations. Further exploration of the methodologies used to find the relationship
between air quality and mental health is needed, as reporting on these outcomes was limited.
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1. Introduction

Air pollution is responsible for millions of premature deaths and lost years of healthy
life annually around the globe [1]. According to the World Health Organization (WHO),
over 90% of the global population is exposed to toxic air pollution [1]. Most commonly,
air pollution affects human health and is associated with respiratory and cardiovascular
diseases [1–4]. However, as of recent years, more research is emerging considering the
effects on mental health. More attention has been paid to understanding whether air quality
relates to emotional and psychological well-being and the complexity of the brain. Mental
health is a fast-growing cause of morbidity and a leading cause of disability among young
people worldwide [5,6]. People with mental health disorders have poorer social outcomes
than the general population in several areas of life. Yet, environmental health issues brought
by continuous improvement of people’s life quality and development via industrialization
and urbanization have affected the lives of residents [7,8]. Recent research showed that air
pollution is associated with suicide, increased drug usage, self-harm, work incapacity and
lower productivity, memory impairment, poor mood, annoyance, lower physical activity,
poor sleep, schizophrenia, depression, anxiety, and stress among various ages in the urban
area, especially amongst the vulnerable population [6,9–14]. Certain pollutants, such as
PM, can penetrate the lung’s small airways and alveoli, entering the bloodstream and
activating multiple pathophysiological mechanisms, potentially causing neuroinflamma-
tion and oxidative stress [9–11]. The brain is susceptible to environmental factors due
to high metabolic demands, environmental inflammation, and oxidative stress [11–14].
Oxidative stress results from an imbalance between free radicals and antioxidants in the
body, leading to cellular damage [11,15,16] that can affect neural pathways involved in
mood regulation [13,15,17,18], even if the pollution levels are not exceedingly high [19].

Several studies suggest adverse pregnancy outcomes related to stress, depressive and
anxiety episodes, which have an impact on fetal growth [20–22]. Other research found
this association negatively impacting children’s development, including developmental
delays in children, especially in children exposed under 1 year of age, including at pre-
natal development, and behavioral, learning, and emotional problems, conduct disorder,
attention-deficit hyperactivity, as well as resulting in anxiety and depression in later years
(>18 years) [23–28]. Campbell [29] states that the risk for the onset of psychopathology is
highest in childhood and adolescence.

Epidemiological evidence of air pollution and adult mental health problems is still
limited and tends to be mainly concentrated on analyzing the effects on more susceptible
populations, such as children, pregnant women, and the elderly. The purpose of this
scoping review is to examine the existing literature and explore the methods used by
researchers to determine the air pollution effects on mental health, mainly focusing on
stress, anxiety, and depression symptoms. This scoping review focused on PM—a complex,
heterogeneous mixture of natural and anthropogenic sources [30,31]. PM2.5, also known as
fine particulate (<2.5 µm), is responsible for the most significant proportion of air pollution’s
health impact, especially for premature deaths [1,32]. The review investigates various
scientific methodologies used to analyze the exposure of PM (ultrafine (UFT) (<0.1 µm),
PM2.5, PM10 (also known as course particulate, <10 µm) exposure to adults’ (18–69 years)
mental health (depression, anxiety, and stress) in publications between 2010 and 2024.
The review excludes vulnerable populations, such as the elderly and children, to derive
standardized findings broadly applicable to the general adult population. Mental health
alone can be analyzed using different strategies and tools, including medical analyses and
psychological scales, involving cohorts. This paper aims to determine the most preferred
and sound ways of collecting data for the study to find the relationship between mental
health and air pollution, essentially welcoming more opportunities for other research, air
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pollution reduction, and mental health awareness intervention strategies. Addressing air
pollution and mental health in countries can reduce the burden of mortality and morbidity
and contribute towards greater knowledge sharing and community development.

In this review, we define “depression” as a mood disorder causing persistent depressed
mood or sadness, profound loss of interest in usually enjoyable activities, and frequent
thoughts of suicide. In this review, “depression” in literature will be considered relating to
clinical and general depressive symptoms, including those of major depressive disorder
(MDD), dysthymia, now known as persistent depressive disorder (PDD), bipolar disorder,
seasonal affective disorder (SAD), and atypical depression. Still, it will not consider
postpartum depression (PPD) as it relates to pregnancy and vulnerable adults. “Anxiety”
in this paper is defined not only as a temporary feeling but a disorder related to intense,
excessive, and persistent worry, fear, and panic about everyday activities, which usually
would be perceived as standard, including generalized and significant anxiety disorder,
social anxiety disorder (social phobia), and substance-induced anxiety disorder. “Stress” is
defined as a negative worry or mental tension that lasts for either a short (acute) or long
(chronic) period. Articles containing other mental health disorders or stressors, including
learning difficulties, schizophrenia, autism, or others, and suicide-related articles will not be
considered. Literature containing sleep and mood disorders will be reviewed as there is a
direct association between anxiety and depression. Literature in urban, suburban, and rural
areas will be selected for review, and literature that does not mention any specific location
will be taken for a more thorough investigation and conclusion. The existing literature
will consider only methodologies used to collect data to analyze air quality and mental
health together. A comprehensive review of the methods used in research will be discussed,
offering insightful knowledge to researchers and policymakers in their decision-making
processes.

2. Methods
2.1. Research Strategy

To conduct this scoping review, the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) checklist and the Arksey
and O’Malley [33] methodological framework were used principally. The PRISMA-ScR
framework and flow diagram were used to optimize the review’s quality and allow readers
to explore critical findings discovered from various selected research.

This scoping review was intended to review the existing methodologies for data
collection from available literature on the relationship between air quality and mental
health. The topic of assessment has not been comprehensively reviewed in the past and is
heterogeneous. To the author’s knowledge, there are limited scoping reviews on air quality
and mental health assessment methodologies. However, other reviews, such as systematic
reviews, have analyzed air quality and mental health relationships in the past [18,34–38].

2.2. Search Criteria

The literature search across EMBASE [39] and PubMed Central [40] databases was
selected for the search, as they catalog the most extensive range of studies related to
the topic of this scoping review. All articles considered were published in the English
language. A manual internet search was also carried out. The combination of search terms
used was based on previous review studies that focused on air quality and mental health
methodologies to acquire a broad range of results. Keywords such as “air quality”, “air
pollution”, “ambient pollution “, air contaminants”, “outdoor air pollution”, “air”,” air
quality monitoring”, “air quality modelling”, and “particulate matter” were combined with
search terms associated with “mental health” such as “stress”, “anxiety”, and “depression”,
can be fully viewed in Table 1.
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Table 1. Search keywords and terms shown were used to find relevant literature in EMBASE and
PubMed databases.

Keyword Search Terms Used

Urban “Urban” OR “city”

Suburban “Suburban” OR “Neighbourhood” OR “Residential”

Air Quality

“Air Quality” OR “Air Pollution”, OR “ambient pollution “, OR “air contaminants”, OR “outdoor air
pollution”, OR “air pollutants” OR “particulate matter”, OR “PM” OR “PM2.5” OR “PM10” OR “Fine
particulates” OR “course particulates” OR “Ultrafine particulates” OR “environmental effects” OR
“environmental stressors”

Mental Health

“Mental health” OR “anxiety” OR “depression” OR “stress” OR “anxiety disorder” OR “Anxious neurosis”
OR “Depressive neurosis” OR “Nervous” OR “Feeling of anxiety” OR “Worry” OR “Depression test” OR
“Mental stress” OR “Occupational stress” OR “Psychological pressure” OR “Stress management” OR
“bipolar disorder” OR “suicide” *

Population “adults” OR “young adults”

* Suicide has been reported to be correlated with depression in previous studies [41,42]. Patients with depression
may be more likely to attempt violent means of suicide [43]. Therefore, all publications related to suicide will be
categorized as depression-related.

2.3. Inclusion and Exclusion Criteria

The review was based on literature published between 1 January 2010 and 31 December
2024 (scheduled for release). Considerable literature had to be in the English language. We
included observational studies, including cohort studies (longitudinal and cross-sectional),
clinical, controlled studies, case studies, and articles. Publications that include scoping reviews,
meta-analyses, systematic reviews, literature and general reviews, any studies that do not
involve humans, pilot studies, conference abstracts and letters, or any other publications that
do not include methodology in their work were not considered and excluded from the study.
Studies in urban, suburban, and rural areas focused on outdoor PM were considered. More
details on inclusion and exclusion can be found in Table 2 below.

2.4. Screening Criteria and Quality

The screening aimed to identify publications investigating the relationship between
air quality/air pollution and mental health. These publications contained methodologies
explaining how the authors performed the investigations to achieve the results. Whether
the study successfully found the link between the two subjects or not, the results did
not matter. Discussions on the inclusion/exclusion criteria were delivered via email and
project meetings, and excluded publications included text explaining the reasoning behind
exclusion from the review using MS Excel.

The authors included the inductive approach separately and screened all retrieved
citations’ titles and abstracts first. If the articles were deemed suitable for this review, they
were reviewed fully. This was performed by examining a detailed summary/abstract of
the article’s aims and objectives, methodology, and results provided by the authors of the
studies. The Covidence app was used to arrange and store the available literature.

Details recorded during the review included:

• Descriptive summary of the publication (including the authors’ names, year of pub-
lication, publication name, country of origin, publication type, publication design,
types of setting (urban, suburban, or rural), participants of interest (e.g., adults, young
adults, elderly, children, etc.), study aim)

• Content analysis (methodologies used for mental health and air pollution, as well as
how the two subjects were linked)

• Results analysis (was the link between air quality/pollution and mental health achieved
when experimentation was used)

• Decision (whether the article is deemed suitable or not for the review)
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Table 2. Inclusion and exclusion criteria were used in the scoping review to find the most preferred
methods for analyzing the relationship between air pollution and mental health.

Inclusion Criteria Exclusion Criteria

Published in English Published in languages other than English

Location: Worldwide—any country or studies including more
than one country. Studies do not specify the location.

Environment: Urban, suburban, AND/OR rural setting;
outdoor AQ only. Focusing only on indoor AQ.

Cohort: Includes adults (18–69) with or without existing mental
health disorders, including various socioeconomic backgrounds
and lifestyles.

Includes vulnerable populations (elderly (>69), children (<18),
only people with disabilities, and/or only pregnant women).

Mental health: depressive AND/OR anxiety symptoms,
AND/OR stress

Any other mental health-related issue, relating to other
health-related complications and diseases such as
cardiovascular or respiratory, economic and political indicators,
and generally any publication that does not analyze depressive,
anxiety and stress symptoms in their studies and primarily
focuses on other health issues, identities, aggressive behavior,
alcohol, tobacco and similar products, and/or drug
consumption/addiction, sleeping disorders, general wellbeing
(not defining MH), school performances and/or learning
difficulties, physical activity, obesity, image distortion and/or
eating disorders, recovery, financial security, growth,
community belonging and social security, rights/respect,
personal relationships, cultural differences and awareness
strategies, politics, people’s perspectives, without including the
relationship between AQ and MH.

Air quality: Relating to PM. Any other pollutants excluding PM in the literature.

Explores the relationship between PM and mental health.
Sources that focus only on mental health or air
quality/pollution without exploring the possible relationship
between the two subjects.

Any available full-text research that includes methodology and
involves human cohorts, observational studies (e.g., cohort
studies, case-control studies, cross-sectional studies,
longitudinal, structured observations, and participant
observation), controlled studies, major clinical studies, case
studies, time series, etc.

Review publications such as scoping reviews, systematic
reviews, meta-analyses, literature reviews, general narrative
reviews, non-human related studies and reviews, practice
guidelines, protocols, conference abstracts, letters, or any other
publication that does not specify the methodology used.

Study design: qualitative, quantitative, or mixed methods. -

Date: Sources published between 2010 and 2024. Any study published before 2010.

Results: Makes or does not make a connection between air
pollution and mental health in the end—methodologies are key.

Any studies that do not specify the methodology used in their
publication to achieve results, whether successful or not.

2.5. Data Analysis

Article characteristics were tabulated and organized according to air pollution and
mental health information. The selected articles were analyzed in more detail using MS
Excel, and the methodologies used were established.

3. Results

The original search was conducted in February of 2024. A comprehensive search was
conducted across PubMed and EMBASE. The initial search yielded 3889 (1328 from PubMed
and 2561 from EMBASE). After adjusting the search settings for diseases (mental health,
depression, and anxiety disorders were selected), publication design, and publication type
(article), 622 articles were chosen for records during title and abstract screening.

After a title and abstract screening of 622 selected articles, 32 duplicates and four
articles were found in different languages, which were removed in the identification step.
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A total of 586 articles were further investigated, 472 of which were deemed irrelevant to
the study (i.e., 192 studies had no mental health or air quality aspect, 139 studies included
vulnerable populations (elderly, children, pregnant women), 40 studies were reviews
(systematic reviews, meta-analyses, scoping reviews), 26 studies included other mental
health disorders (other than stress, anxiety or depression) or had generalized mental health
(was unclear which mental health disorder was studied), 22 studies only had mental health
aspect but did not address air quality, 18 studies only had air quality aspect but did not
analyze mental health, 16 were animal studies, 13 studies did not include particulate matter,
six studies only focused on indoor air quality. Further, 24 studies were removed as they
were not open-access publications.

The remaining 90 studies were further analyzed, and 61 were unsuitable for inclusion.
Figure 1 visually describes the article selection process using the Prisma flow diagram for
scoping reviews.
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Figure 1. The study selection process is summarized according to the PRISMA flow diagram, which 
displays eligible study selection per inclusion criteria. * 1328 from PubMed and 2561 from EMBASE. 
** Studies not acknowledging exact age but a mean age of 57 were included in the study, as well as 
studies stating “Adults” as a cohort, but the ages were still <69.

Figure 1. The study selection process is summarized according to the PRISMA flow diagram, which
displays eligible study selection per inclusion criteria. * 1328 from PubMed and 2561 from EMBASE.
** Studies not acknowledging exact age but a mean age of 57 were included in the study, as well as
studies stating “Adults” as a cohort, but the ages were still <69.

Ultimately, 29 articles met the inclusion criteria and were included in the scoping
review.

Table 3 uses descriptive statistics to summarize the data and the general characteristics
of selected studies. It further explores the characteristics of the selected studies and
summarizes the findings.
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Table 3. Lists the studies selected for the scoping review and details their methodologies for analyzing the relationship between particulate matter and mental health
outcomes (stress, anxiety, and depression). Commonly used AQ analysis methods include air quality monitoring station data (inventories, databases, and AQI) and
land-use models, such as land use regression (LUR) and the air pollution model (TAPM). For MH, various questionnaires and in-built psychological scales were
used: self-reported questionnaires and surveys, Generalized Anxiety Disorder Questionnaire (GAD, GAD-7), Beck Anxiety Inventory (BAI) and Fear Questionnaire
(FQ) for anxiety disorder and fear; The structured Clinical Interview for Diagnostic and Statistical Manual of Mental Disorders (SCID-I), Inventory of De-pression
Symptomatology (IDS), Centre of Epidemiologic Studies Depression Questionnaire (CES-D) and the Patient Health Questionnaire (PHQ) (PHQ-4, PHQ-8 and
PHQ-9) scales for measuring self-reported severity of depression; Altman Self-Rating Mania (ASRM) scale for mania; WHO-5 Wellbeing Index for general wellbeing;
Short Warwick-Edinburgh Mental Wellbeing Scale (SWEMWBS), Ecological Momentary Assessment (EMA) and Eysenck Personality Questionnaire-Revised Short
Form (EPQR-Short) for social behavior, feelings and mood; EuroQol-5 dimensions (EQ-5D) index for both anxiety and depression; Chinese version of the Perceived
Stress Scale (CPSS) for stress; including medical/healthcare data, and Internet search behavior were also used in selected studies. For statistical analyses to find the
relationship between AQ and MH, linear regression, including multiple, multilevel, Generalized Additive Models (GAMs), generalized linear models (GLMs), and
multivariable regressions; logistic regressions, including multiple, multilevel and multivariable regressions; survival analysis models, including Cox proportional
hazard analysis and time-varying Cox proportional hazard analysis; and other statistical approaches, such as two-way FE, negative binomial, GEE, and mix (multiple
and linear regression), were incorporated. The table also indicates which study controlled for meteorological conditions (e.g., temperature, precipitation, wind speed,
wind direction, humidity), demographics (e.g., sex, age, family status, occupation, cultural background), and socioeconomic factors (e.g., income, education level,
living conditions, resources, etc.) to find the results.

Study Study Name Authors Year Country Methodology—AQ Methodology—MH
Controlled Statistical

AnalysisMeteorological Demographics Socioeconomic Status

Study 1

Relationship of
emergency department
visits for suicide attempts
with meteorological and
air pollution conditions

Miyazaki et al. [43] 2023 Japan Monitoring stations Medical (ED) data Yes Yes No Multivariate
Poisson regression

Study 2

Residential greenspace
and anxiety symptoms
among Australian women
living in major cities: A
longitudinal analysis

Mouly et al. [44] 2023 Australia Land-use regression
(LUR) model GAD Yes Yes Yes

Generalized
estimating
equation (GEE)

Study 3

How People’s COVID-19-
Induced-Worries and
Multiple Environmental
Exposures Are Associated
with Their Depression,
Anxiety, and Stress during
the Pandemic

Huang et al. [45] 2023 Hong Kong Portable air pollutant
sensors.

PHQ-4 and
self-reported scale of
stress symptoms.

No Yes Yes Linear regression
models

Study 4

Real-time air pollution
and bipolar disorder
symptoms: a
remote-monitored
cross-sectional study

Kandola and Hayes [46] 2023 UK Air quality index (AQI) PHQ-8 and ASRM scale Yes Yes No Linear regression
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Table 3. Cont.

Study Study Name Authors Year Country Methodology—AQ Methodology—MH
Controlled Statistical

AnalysisMeteorological Demographics Socioeconomic Status

Study 5

Long-term Exposure to
Multiple Ambient Air
Pollutants and
Association with Incident
Depression and Anxiety

Yang et al. [47] 2023 UK LUR Medical data No Yes Yes Cox proportional
hazards models

Study 6

Multiple environmental
exposures along daily
mobility paths and
depressive symptoms: A
smartphone-based
tracking study

Roberts & Helbich [48] 2021 Netherlands LUR PHQ-9 No Yes Yes
Multiple
regression
analyses

Study 7

Daily space-time
activities, multiple
environmental exposures,
and anxiety symptoms: A
cross-sectional mobile
phone-based sensing
study

Lan et al. [49] 2022 Netherlands LUR GAD-7 No Yes Yes

Multiple linear
regressions,
including the
Random Forest
(RF) model

Study 8

Association between
traffic-related air
pollution and anxiety
hospitalizations in a
coastal Chinese city: are
there potentially
susceptible groups?

Ji et al. [50] 2022 China Monitoring stations Medical data Yes Yes No
Generalized
additive model
(GAM)

Study 9
Spatial Variability of the
Relationship between Air
Pollution and Well-Being

Li & Managi [51] 2022 Japan Database Survey No Yes Yes Linear analyses

Study 10

Air pollution and
anti-social behavior:
Evidence from a
randomized
lab-in-the-field
experiment

Lohmann et al. [52] 2023 China Air Quality Index
(AQI)

• Antisocial
behavior: using
incentivized
economic games.

• Risk and time
preferences:
lottery choice
task and a
convex time
budget task.

• Cognitive ability
and well-being:
Raven’s Matrices,
Numerical
Stroop Task, and
self-reported
scales

Yes Yes No Linear regression
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Table 3. Cont.

Study Study Name Authors Year Country Methodology—AQ Methodology—MH
Controlled Statistical

AnalysisMeteorological Demographics Socioeconomic Status

Study 11

Do objective and
subjective traffic-related
pollution, physical
activity, and nature
exposure affect mental
wellbeing? Evidence from
Shenzhen, China

Huang, Tian & Yuan [53] 2023 China NASA Sedac database

• WHO-5
Wellbeing Index

• Short Warwick-
Edinburgh
Mental
Wellbeing Scale
(SWEMWBS)

• Self-reported
survey (single
question)

No Yes Yes Multivariate linear
regression

Study 12

The effects of long-term
exposure to air pollution
on incident mental
disorders among patients
with prediabetes and
diabetes: Findings from a
large prospective cohort

Feng et al. [54] 2016 UK UK Air database Healthcare data Yes Yes Yes

Time-varying
covariates Cox
model and
generalized
propensity score
(GPS)

Study 13

The Impacts of Air
Pollution on Mental
Health: Evidence from the
Chinese University
Students

Zu et al. [55] 2020 China The Air Quality Index
(AQI) data CES-D No Yes Yes Multivariable

models

Study 14

Associations of
co-exposures to air
pollution and noise with
psychological stress in
space and time: A case
study in Beijing, China

Tao et al. [56] 2021 China The Airbeam sensor EMA Yes Yes Yes
Multilevel ordinal
logistic regression
models

Study 15

Effects of vitamin D on
associations between air
pollution and mental
health outcomes in
Korean adults: Results
from the Korea National
Health and Nutrition
Examination Survey
(KNHANES)

Kim et al. [57] 2023 S. Korea Monitoring stations Self-reported
questionnaire No Yes Yes Multiple logistic

regression

Study 16

Relationship between
chronic exposure to
ambient air pollution and
mental health in Korean
adult cancer survivors
and the general
population

Kim et al. [58] 2021 S. Korea Monitoring stations Self-reported
questionnaire No Yes Yes Multiple logistic

regression
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Table 3. Cont.

Study Study Name Authors Year Country Methodology—AQ Methodology—MH
Controlled Statistical

AnalysisMeteorological Demographics Socioeconomic Status

Study 17

Ambient air pollution
exposure and depressive
symptoms: Findings from
the French
CONSTANCES cohort

Sakhvidi et al. [59] 2022 France LUR CES-D No Yes Yes Negative binomial
regressions

Study 18

Associations of PM2.5 and
road traffic noise with
mental health: Evidence
from UK Biobank

Hao et al. [60] 2022 UK LUR PHQ and the SCID-I No Yes Yes Logistic regression
model

Study 19

Associations between
long term exposures to
outdoor air pollution and
indoor solid fuel use and
depression in China

Zhang et al. [61] 2022 China Monitoring stations PHQ-9 No Yes Yes Multiple logistic
regression

Study 20

PM2.5 exposure and
anxiety in China:
evidence from the
prefectures

Chen et al. [62] 2021 China
Air Quality Online
Monitoring and
Analysis Platform

Internet search
behavior No No Yes

Two-way fixed
effect (FE)
regression model

Study 21

Short-term effects of
traffic noise on suicides
and emergency hospital
admissions due to anxiety
and depression in Madrid
(Spain)

Díaz et al. [63] 2020 Spain Monitoring stations Medical (ED) data Yes No No Linear models and
Poisson regression.

Study 22

The relationship between
air pollution and
depression in China: Is
neighborhood social
capital protective?

Wang et al. [64] 2018 China
Airborne Fine
Particulate Matter and
Air Quality Index

CES-D No Yes Yes
Multilevel linear
regression
analyses

Study 23

Long-term exposure to
ambient air pollutants
and mental health status:
A nationwide
population-based
cross-sectional study

Shin, Park & Choi [65] 2018 S. Korea Monitoring stations EQ-5D index Yes Yes Yes Multiple logistic
regression

Study 24

Greenspace and mortality
in the U.K. Biobank:
Longitudinal cohort
analysis of
socio-economic,
environmental, and
biomarker pathways

Wan et al. [66] 2022 UK LUR PHQ-4 and EPQR-Short Yes Yes Yes Cox proportional
hazards model
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Table 3. Cont.

Study Study Name Authors Year Country Methodology—AQ Methodology—MH
Controlled Statistical

AnalysisMeteorological Demographics Socioeconomic Status

Study 25

Ambient temperature and
air pollution associations
with suicide and
homicide mortality in
California: A statewide
case-crossover study

Rahman et al. [67] 2023 US

United States
Environmental
Protection’s (US EPA’s)
AQ System

Healthcare (death) data Yes No No
Conditional
logistic regression
models

Study 26

Impacts of coal mine fire
related PM2.5 on the
utilization of ambulance
and hospital services for
mental health conditions

Carroll et al. [68] 2022 Australia The Air Pollution
Model (TAPM) Medical (ED) data Yes No No GAMs

Study 27

Urban Air Pollution and
Mental Stress: A
Nationwide Study of
University Students in
China

Zhang et al. [69] 2021 China National Bureau of
Statistics CPSS No Yes Yes Multilevel logistic

regression

Study 28

Outdoor light at night, air
pollution, and depressive
symptoms: A
cross-sectional study in
the Netherlands

Helbich, Browning & Huss
[70] 2020 Netherlands LUR PHQ–9 No Yes Yes GAM

Study 29

Not urbanization level
but socioeconomic,
physical, and social
neighborhood
characteristics are
associated with the
presence and severity of
depressive and anxiety
disorders

Generaal et al. [71] 2019 Netherlands LUR IDS, BAI, and FQ No Yes Yes
Multilevel logistic
and linear
regression



Air 2024, 2 269

Findings from Table 4 suggest that most studies were carried out in 2023 (n = 10/34.48%),
2022 (n = 8/27.59%), 2021 (n = 5/17.24%), 2020 (n = 3/10.34%), 2018 (n = 2/6.90%), and
2019 (n = 1/3.45%)—indicating a recent surge in interest in the relationship between AQ
and MH. No suitable studies were found before 2019 that fit the selection criteria. This
trend suggests that the field is rapidly evolving, with increasing research output in recent
years.

Table 4. The table shows the total number and percentages of studies using a particular methodology,
publication country and year, publication type, whether publications found a link between AQ and
MH, and studies containing PM and MH focus.

Study Characteristics (Total n = 29) Count n (%)

Year of publication

2023 10 (34.48)

2022 8 (27.59)

2021 5 (17.24)

2020 3 (10.34)

2019 1 (3.45)

2018 2 (6.90)

Continent

Asia 15 (51.72)

Europe 11 (37.93)

North America 1 (3.45)

Australia or New Zealand 2 (6.90)

Results achieved (MH and AQ link realized)
Yes 27 (93.10)

No 2 (3.45)

MH methods

Quantitative methods 29 (100)
Healthcare/medical records 7 (24.14)
Surveys/questionnaires and diagnostic
classification/rating scales 21 (72.41)

Other * 1 (3.45)

AQ methods

Monitoring data 19 (65.52)
-Data from stationary (national/local) monitors 17 (58.62)
-Portable AQ monitors 2 (6.90)

Land-use models 10 (34.48)
-LUR 9 (31.03)
-TAPM 1 (3.45)

Study design

Cross-sectional 19 (65.52)

Longitudinal 4 (13.79)

Time series 2 (6.90)

Case study 1 (3.45)

Prospective cohort 1 (3.45)

Randomized experiment 1 (3.45)

Statistical methods

Linear regression models ** 14 (48.28)

Logistic regression models *** 8 (27.59)

Survival analysis models **** 3 (10.34)

Other ***** 4 (13.79)
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Table 4. Cont.

Study Characteristics (Total n = 29) Count n (%)

Studies including PM
Only PM 10 (34.48)

Includes other pollutants ****** 19 (65.52)

Studies MH focus

Anxiety 4 (13.79)
Depression 10 (34.48)
Stress 4 (13.79)

-Anxiety & depression 6 (20.69)
-Depression & stress 4 (13.79)
-Depression, anxiety, and stress 1 (3.45)

* Includes other quantitative methods, such as Internet search behavior. ** Linear regression models, including
multiple, multilevel GAMs, generalized linear models (GLMs), and multivariable regressions. *** Logistic
regression models, including multiple, multilevel, and multivariable regressions. **** Survival models, including
Cox proportional hazard analysis and time-varying Cox proportional hazard analysis. ***** Other, including
two-way FE, negative binomial, GEE, and mix (multiple and linear regression). ****** Studies include PM as well
as other pollutants.

3.1. Regions of Studies

Table 4 outlines that geographically, studies are predominantly from Asia (n = 15/51.72%)
*, Europe (n = 11/37.93%), Australia (n = 2/6.90%), and North America (n = 1/3.45%).
There are no studies from South America or Africa. This geographic distribution highlights
a potential research gap in underrepresented regions, particularly South America and
Africa, where air pollution issues are also prevalent. The highest proportion of studies have
been based in China (n = 9/31.03%), followed by the UK (n = 5/17.24%), the Netherlands
(n = 4/13.79%), South Korea (n = 3/10.34%), Australia and Japan (n = 2/6.90%), and one
study from France, Spain, Hong Kong, and the USA (n = 1/3.45%). This indicates that
31.03% of the studies are based in developing countries (China), while 68.97% are evaluated
in developed countries.

* n represents the total number of studies in this review, followed by the selected
studies’ total percentage (%) ratio.

3.2. Types of Methodologies Used
3.2.1. Mental Health

All studies used quantitative methods (n = 29/100%) to collect MH data. Methods to
assess mental health varied, with psychological scales and survey/questionnaire-based
sampling methods being the most common (n = 21, 72.41%), with PHQ (n = 7/24.14%)
scales and CES-D (n = 3/10.34%) being the most preferred tools to analyze depressive
symptoms, and GAD (n = 2/6.90%) for anxiety. 24.14% (n = 7) of the studies used medi-
cal/healthcare records to attain MH data, while another method, internet behavioral search,
only accounted for 3.45% (n = 1). There was no mention of direct qualitative face-to-face
interviews, apart from one study that collected demographic/socioeconomic (SES) data in
person (classroom), assuming all survey/questionnaire-based studies involving psycho-
logical scales were not directly assessed in person. The reliance on psychological scales
indicates a focus on quantifiable and standardized mental health measures. Most studies
focused on depression and depressive symptom analysis (n = 10/34.48%), including sui-
cides (n = 2/6.90%), followed by anxiety and depression (n = 6/20.69%), anxiety, stress,
and depression and stress, all accounting for four studies each (n = 4/13.79%), and a single
study including all stress, anxiety, and depression (n = 1/3.45%).

3.2.2. Air Quality

Air quality assessment methods were diverse. Monitoring station data (fixed, i.e.,
databases, AQI, (n = 17/58.62%) and portable monitors (n = 2/6.90%) accounted for
65.52% (n = 19), followed by land-use regression models (LUR (n = 9/31.03%) and the air
pollution model (TAPM), a prognostic meteorology and air pollution model developed by
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an Australian governmental agency (n = 1/3.45%)), in 34.48% (n = 10) of the studies. No
studies employed mixed methods, such as LUR with portable monitor data for comparison,
to analyze AQ, apart from attaining this data to analyze other factors, such as green spaces.
Although all studies included PM (either/or PM2.5 or PM10) in their studies, 34.48% (n = 10)
focused solely on PM, while the remainder (n = 19/65.52%) included other pollutants in
their studies as well. No studies included ultrafine PM.

3.2.3. Statistical Methods

Linear regression models were used the most (n = 14/48.28%) in the selected studies
to find AQ and MH links, followed by logistic regression models (n = 8/27.59%), sur-
vival analysis (n = 3/10.34%), which included Cox proportional hazard analysis, and
four other methods (two-way FE, negative binomial regression, GEE, and mixed methods
(multivariate and linear regressions)) (n = 1/3.45%). For covariates, most of the studies
included and controlled for cohort demographics (e.g., sex, age) (“Yes” n = 27/93.10%;
“No” n = 2/6.90%), and SES (“Yes” n = 25/86.21%; “No” n = 4/13.79%), while very few con-
sidered to control for meteorological variables (“Yes” n = 12/41.38%; “No” n = 17/58.62%).
However, most studies have found a relationship between AQ and MH (n = 27/93.10%),
while two studies did not find a strong correlation (n = 2/6.90%).

3.3. Study Types and Design

The study designs varied, with cross-sectional studies being the most common
(n = 19/65.52%), followed by longitudinal (n = 4/13.79%), time series studies (n = 2/6.90%),
and the remainder (n = 1/3.45% each) case study, prospective cohort, and randomized
experiment. The high percentage of cross-sectional studies indicates a focus on snapshot
assessments rather than longitudinal follow-ups, though longitudinal designs are crucial
for understanding long-term effects. All the studies were published in journals (100%),
reflecting the rigorous peer-review process and the academic community’s commitment to
disseminating high-quality research.

4. Discussion

The methods described ensured thorough and straightforward investigation principles
for finding the most preferred methodologies and limitations in the existing literature.
Researchers and policymakers can use these to ease the research process, find missing
information, and provide valuable investigative literature.

4.1. Principal Findings

We identified various methods for analyzing air quality and mental health outcomes
among the included studies. Among them, the most common methods to collect data for air
quality analysis are data from stationary monitoring stations [43,46,50,52] and LUR [44,47–49].
In contrast, for mental health studies, only quantitative methods, such as psychological
scales, were used to analyze depression and/or anxiety symptoms [44–46,48,49,53,55], as
well as attaining medical records for analysis [50], which may not include direct contact
with the cohort and provide accurate data for analysis for broader cohort and area coverage.
By using these methods, studies within this review found that higher concentrations of PM
were linked with increased symptoms of depression and anxiety [44,45]. These findings
align with previous research suggesting that air pollution can exacerbate mental health
issues, contributing to the global burden of disease [72–75].

Although emerging research has started to explore the relationship between mental
health and air pollution, as per a review of the selected studies, Zu et al. [55] explained
that the mental health of young and working adults in urban and suburban areas has
been neglected by stressing the importance of undergraduate students transitioning into
adulthood and the challenges, such as sleep problems inflicted by environmental stressors,
notably air pollution. Another study also addressed this gap in the literature: regional air
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pollution is associated with students’ mental stress and requires better learning resources
to moderate the effects of stress [69].

The scoping review revealed a notable concentration of studies conducted in Asia
and Europe, with fewer studies from North America and Australia and an absence of
studies from South America and Africa. Specifically, 57.14% of the studies were based in
Asia, 28.57% in Europe, and 7.14% in North America and Australia. It is estimated that
Asia has the highest populations exposed to unsafe air pollution levels, with China and
India alone accounting for 38% of global exposure to PM2.5 above the WHO guidelines
(>5 µg/m3) [76]. Nine studies focused on China, with two studies analyzing AQ and MH
in Beijing (Northern China) [52,56], one in Qingdao (Eastern China) [50], one in Shenzhen
(Southeastern China) [53], one study in Northeast China (Liaoning, Jilin, Heilongjiang, and
Inner Mongolia) [61], and four conducted a multicity study. China, the country with the
most noted studies in the scoping review on the relationship between air pollution and
mental health, has implemented strong AQ regulations [45,77–82] and AQ research [51],
consequently reducing its PM2.5 concentrations in cities, yet 42% of the population is
exposed to annual average PM2.5 concentrations above 35 µg/m3 (the lowest of the three
WHO interim target levels required) [77,80], primarily due to industrial activity, which
has increased airborne pollutants in places near Japan, South Korea, and Taiwan, as well
as in places as far away as California in the USA [83]. Four studies [55,62,64,69] analyzed
multiple cities and provinces within China to understand how air pollution affects MH.
However, only one study [62] identified that most anxiety indices were found in southern
China (Guangdong Province). A study by Ji et al. [84] explained that good air quality cities
in South China and East China are more sensitive to air pollution, while cities with poor
air quality in Northwest and North China (e.g., Beijing [52,56]) are less sensitive. Clean
regions may have heightened sensitivity to air pollutants as their respiratory and immune
systems are less challenged by high pollution levels. Air pollution levels in China are
approximately six to eight times higher than those in the United States [55], and Beijing
is still 40% higher than the most polluted county in the United States (Plumas County in
California, USA) [85].

The results findings noted that most of the studies controlled the SES and in their
studies. This encompasses income, educational attainment, financial security, and subjective
perceptions of social status and social class. The SES is a reliable and consistent predictor of
many life outcomes, including physical and psychological health, which, when controlled,
could explain an association with mental disorders [86]. These predictors were attained
from the cohort, mostly via surveying, and adjusted in statistical models with AQ and
MH results. Huang et al. [45] and Zu et al. [55] showed that worries about job loss and
financial hardship are significantly associated with depression, anxiety, and stress. Huang
et al. [45] and Huang, Tian, and Yuan [53] studies showed that open space, recreational
land, or green space did not influence them. Wan et al. [66] found it particularly beneficial
for low and medium-SES individuals. Mouly et al. [44] did not adjust for area-level socio-
economic variables besides the individual-level information on income and education.
Helbich, Browning, and Huss [70] controlled for SES variables but did not include the
observations in the study. Ji et al. [50] did not include SES factors, and Kandola and
Hayes [46] stated that socioeconomic position confounders may not have been measured.
Lan et al. [49], Li and Managi [51], Lohmann et al. [52], and Yang et al. [47] controlled
the demographic and socioeconomic characteristics of the sample but did not discuss the
findings on these results relating to AQ and MH. Roberts and Helbich [48] observed no
significant associations. Lohmann et al. [52] found that individuals with higher income
levels indicated better mental well-being and experienced less stress than their lower-
income counterparts. Similarly, Sakhvidi et al. [59] and Generaal et al. [71] also found that
those with low incomes and lower educations, who were younger and living in highly
deprived areas, as well as those who were not married or in a civil partnership, were more
exposed to depressive symptoms associated with air pollution. Additionally, those living
in high-rise housing and apartments reported higher levels of mental well-being than the
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dwellers of urban villages and multi-story housing [52]. This evidence could be related
to tall buildings that are densely placed, interfering with wind patterns and reducing air
pollutant dispersion [87].

The demographics, such as gender, were also controlled in all the studies. Gender as
a variable contributes to differences in the biological and behavioral systems, enhancing
accuracy in human studies [88]. For instance, Ji et al. [50] found stronger associations between
short-term exposure to air pollutants and anxiety hospitalizations in females. Mouly et al. [44]
only focused on the female cohort living in significant cities and similarly found that anxiety
symptoms were associated with elevated PM2.5 levels. Similar findings were assessed in
other literature [12,18,89–94]. This could be primarily linked to sex differences in biological
susceptibility [93,95–97], genetic and hormonal factors, physiological stress responsivity, cul-
tural aspects, and/or environmental risk factors [98–100]. Whereas Zu et al. [55] and Yang
et al. [47] found that men had greater odds of increased mental health problems than
women, relating to their place of birth and current living locations. Other studies also
found cognitive decline more pronounced in men than women [82,101–103]. Meteorolog-
ical conditions can worsen air quality and damage human health, yet very few studies
considered meteorological factors for control in their studies [43,44,46,50,52,56,66,67]. Some
studies included meteorological variables to predict and analyze air quality in a particular
area. Miyazaki et al. [43] observed a significant relationship between higher temperatures,
PM2.5, and suicide attempts by violent means, like Rahman et al. [67], although the as-
sociation with AQ was not found. Similarly, Mouly et al. [44] investigated major cities
with temperate or subtropical climates and found an association between AQ and MH.
This association was found previously in other studies [75,92]. However, Ji et al. [50] and
Lohmann et al. [52] found that PM effects on MH were significant during colder seasons.
Díaz et al. [63] found that cold temperatures are significantly associated with emergency
hospital admissions for anxiety. Other studies found strong associations between cool
seasons and AQ on MH [104,105] related to coal combustion and heating during the colder
months [106]. Tao et al. [56] The surveys were controlled for the weather but did not
consider seasonal variations, as they were completed in winter, with higher air pollution
than other seasons.

4.2. Method Suitability
4.2.1. Air Quality Methods
AQ Monitors and Databases—Stationary and Portable

Most of the analyzed studies relied on monitoring station data. Miyazaki et al. [43], Ji
et al. [50], Li and Managi [51], Huang, Tian, and Yuan [53], Feng et al. [54], Zu et al. [55],
Kim et al. [57], Kim et al. [58], Chen et al. [62], Díaz et al. [63], Wang et al. [64], Shin,
Park, and Choi [65], Rahman et al. [67], and Carroll et al. [68] used air quality data from
environmental/government organization databases, which attain data from monitoring
stations, in their research. Nationwide/local monitoring stations are operated by a gov-
erning body, such as the Environmental Protection Agency (EPA), which is responsible for
environmental monitoring and protection. Data attained from environmental organizations
and governmental databases typically provide high-quality, standardized, and verified
data, using strict regulatory guidelines ensuring consistency, legal compliance, and relia-
bility in air quality measurements [107–109]. The Air Quality Index (AQI) is based on the
monitoring station data. In the findings, the AQI data was used by Kandola and Hayes [46],
Lohmann et al. [52], and Zu et al. [55]. They provide extensive and accurate data on a
given location, offering a broad understanding of air quality trends and pollution levels
across different regions, depending on how densely populated the area is. Large datasets
from monitoring stations can support extensive and reliable research for long-term trend
analyses, offer public access, and be collected for AQ regulatory purposes [110,111]. For
instance, satellite data uses data from various sources but is mainly derived from monitor-
ing stations and provides extensive spatial coverage at higher resolution, allowing detailed
assessments of air pollution and air quality monitoring over large, remote areas where
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ground-based monitoring stations may be sparse or nonexistent [112–115] yet may have
limitations in vertical resolution, making it challenging to distinguish between ground-level
and upper-atmosphere pollutants and may require specialized skills for rigorous calibra-
tion and validation against ground-based measurements to ensure accuracy, which can be
resource-intensive [115–120]. However, some monitoring stations may be in population
hotspots but not where people live.

Stationary monitoring stations may not be sufficiently selective or sensitive to target
pollutants [110,121], monitoring personal exposure to pollutants and typically accounting
for outdoor air quality only. Nationwide networks may not provide detailed local data,
potentially missing small-scale variations in air quality and localized pollution hotspots,
particularly in remote areas [121–124]. Therefore, local monitoring data can be attained but
limited to specific locations. Other means, such as LUR models, are incorporated to better
understand the air quality in a larger geographical area and for spatial variation. Resources,
such as field professionals, specific data communication methods, and laboratory analysis,
are required to attain accurate results, which can be expensive. The process of collect-
ing, validating, and releasing data and communicating can be slow due to bureaucratic
procedures, leading to delays in data availability [121,125–127].

Portable/mobile or manual air pollutant sensors, as employed by Huang et al. [45]
and Tao et al. [56], offer real-time data collection, capturing short-term exposure and its
immediate assessment of air pollution levels and impact [128,129]. These monitors pro-
vide a reasonable estimate and insight for personal exposure and are easy to use and
maintain [130,131]. Compared to stationary AQ monitoring stations, portable monitors
are lightweight and mobile, do not require training to use, enabling users to measure air
quality at various locations, including indoors, and do not require specific data commu-
nication methods, and data can be easily transferred to a mobile phone and computer for
analysis [132,133]. Additionally, portable monitors are relatively inexpensive, making them
accessible for individuals and community-based monitoring projects, allowing engagement
and empowering the public by involving such monitors in data collection, consequently
raising awareness about air quality issues [130,134–137]. However, these monitors are far
less accurate and precise than stationary AQ monitors. Furthermore, they are not used for
regulatory monitoring and may require an additional means to measure meteorological
data [128–132,137]. Similarly, satellite data may also be affected by weather conditions such
as cloud cover and adverse weather conditions obstructing satellite sensors and reducing
data quality and reliability [112,120] and have limited temporal resolution, providing only
near real-time imagery, while data collection occurs only once a day or less frequently,
potentially missing short-term pollution events [114,138].

Land Use Models

LUR models were widely used in studies by Mouly et al. [44], Yang et al. [47], Roberts
and Helbich [48], Lan et al. [49], Sakhvidi et al. [59], Hao et al. [60], and Generaal et al. [71].
These models are used in research, especially in urban and large-scale environments, due
to their ability to estimate fine spatial scales down to individual buildings or small neigh-
borhoods for detailed, long-term exposure assessments [139–141]. Helbich, Browning and
Huss [70] did not address the type of land use model the study used, and Carroll et al. [68]
used TAPM. Air quality models make use of existing air data from multiple sources (e.g.,
satellite data, monitoring station data, and geographic information system (GIS) data) in
their development, offering flexibility, adaptability, and versatility when incorporating
various types of environmental data (e.g., noise data, greenspace, traffic counts, industrial
emissions, etc.) for different settings, identifying multiple sources of pollution, and pro-
ducing comprehensive pollution maps with precision [138–140,142–144]. The LUR accuracy
depends heavily on the quality and availability of input data. It requires correct and extensive
data to work appropriately, requiring existing air quality data and relying on static predic-
tors [140,141,145]. The model’s effectiveness and reliability may be compromised in areas
with sparse monitoring networks or poor-quality data [139,142,143,145]. LUR models often
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provide spatial data limited to a plane close to the ground without capturing temporal
variation in pollution levels. These models developed for one geographical area may not
directly apply to another without significant modifications, limiting their generalizability,
and may not produce exposure concentrations [139,143].

4.2.2. Mental Health Methods
Qualitative and Quantitative Methods

Qualitative methods (e.g., self-reported questionnaires and scales, interviews, and
observations) can explain the “why” and “how” behind quantitative results, providing
rich, detailed insights into participants’ experiences, beliefs, and behaviors [146], offering a
deeper understanding of health phenomena and a comprehensive picture that includes
environmental, social, and cultural factors from the viewpoint of those directly impacted by
them, which can help provide more flexibility and profound insights in exploring complex
subjects, such as mental health [146–152]. As a result, qualitative research has become the
leading research method in many studies, especially in psychological studies in recent
times [153].

Quantitative methods provide broad, reproducible, and generalizable results that
allow statistical analysis to identify patterns, correlations, and causal relationships [154,155].
These methods offer a solid basis for evidence-based conclusions in a structured manner.

Quantitative methods in mental health research encompass various tools and tech-
niques, such as ecological momentary assessment (EMA) and psychometric tools, such
as standardized scales and tests. These methods are widely used in studies focusing on
mental health literacy and measuring constructs such as depression and anxiety [156–162].
Quantitative studies offer valuable insights into the incidence of mental health disorders,
the effectiveness of interventions, and the relationship between different variables [160,163],
including the built environment and urban settings on mental health [164,165].

While the selected studies predominantly use quantitative methods, integrating quali-
tative approaches could provide additional depth and context, especially on an individual
level, and provide a more comprehensive view of the impact of environmental factors on
mental health [166,167]. Qualitative research often lays the groundwork for subsequent
quantitative studies, guiding the selection of study instruments and validating the results
obtained quantitatively [168,169].

Surveying

Most studies, such as Li and Managi [51], Lohmann et al. [52], Kim et al. [57], Kim
et al. [58], and Helbich, Browning, and Huss [70] incorporated surveying into their research
to analyze mental health from the selected literature. Surveying and questionnaires can
be quantitative and qualitative measurement tools used to understand the population,
draw informed decisions or conclusions from the collected data, and make explanatory
assertions about a population widely used to gather data on mental health from diverse
populations [170,171]. In this study, Mouly et al. [44] and Lan et al. [49] used GAD to
analyze anxiety disorders, PHQ scores were used by Huang et al. [45], Wan et al. [66],
(PHQ-4), Kandola and Hayes [46] (PHQ-8), Hao et al. [60], Roberts and Helbich [48] and
Helbich, Browning and Huss [70] (PHQ-9) to monitor the severity of depression and
anxiety, EQ-5D by Shin, Park and Choi [65], WHO-5 Wellbeing Index by Huang, Tian
and Yuan [53] to assess current mental wellbeing, CES-D scale by Zu et al. [55], Sakhvidi
et al. [59], and Wang et al. [64] for self-reported depressive symptoms, and EMA repeated
sampling was performed by Tao et al. [56] to analyze momentary and in-situ behaviors,
moods, and experiences. ASRM, SWEMWBS, SCID-I, EPQR-Short, and CPSS scales were
also used by Kandola and Hayes [46], Huang, Tian and Yuan [53], Hao et al. [60], Wan
et al. [66], and Zhang et al. [69], respectively. Huang et al. [45] also used a 4-item (6-point)
scale to analyze stress and a 5-item (6-point) scale to analyze worries related to COVID-
19 in their study. Generaal et al. [71] used IDS, BAI, and FQ to assess the severity of
depressive and anxiety disorders. These methods are highly structured with closed-ended
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questions to ensure consistency and ease of data analysis. The data collected is numerical,
allowing for calculating means, medians, variances, and other statistical measures to test
hypotheses and draw conclusions from large sample populations [171–173]. They are
often used to quantify subjective psychological states and traits, ensuring consistency and
reliability in measuring mental health symptoms and facilitating the assessment of changes
in mental health over time on persons’ personal experiences and perceptions [171,173,174].
Qualitative surveys collect textual data for thematic analysis to identify patterns and
themes, typically involving a smaller cohort size [175,176]. This method is relatively
inexpensive to administer [177,178]. It has significantly increased since the COVID-19
pandemic researchers due to the ease of accessing online data and rapid response collection
over traditional face-to-face methods, such as interviews, adhering to restrictions at the
time [177]. Surveys can collect data from large and diverse population samples, offering a
broad and inclusive range of data-enhancing generalizability of the findings and providing
insight into individuals’ perspectives and experiences [170,179]. These sampling methods
are generally anonymized and confidential, protecting participants’ personal information
and identity, which in turn encourages participation honestly and openly about their mental
health conditions.

While self-reporting surveying can offer anonymity, this method may feel impersonal
and dissociated. The subjective nature of qualitative data collection and analysis can lead
to biases and variability in interpretations, challenging the reliability and validity of the
findings [146,180], such as respondents not reporting symptoms accurately to present
themselves favorably, doubting the existence of mental illness, and online surveys by
those who have access to the internet [181,182], which may affect the data’s accuracy and
reliability [183]. Huang et al. [45] used self-reported diaries during the AQ monitoring;
however, they noted that data was affected by participants’ bias, who conveniently and
quickly wrote down the locations and times when conducting their daily activities, which
could have led to biases due to inaccurate data input.

The researcher may create bias in surveys and psychological scales by ignoring certain
personal attributes, such as respondent demographics and cultural groups, limiting the
representativeness of the findings [178,182,184]. For instance, Mouly et al. [44] started the
data collection in 1996, with follow-ups in 2000, 2003, 2006, 2009, 2012, 2015, and 2018.
However, the GAD instrument used in the analysis was only introduced in 2003 in the
study 3 stage, when women were already 25 to 30. Therefore, some anxiety symptoms
were not analyzed in these women at ages 18 and 23 and 22–27 years in Study 1 and Study
2, creating biases and potentially losing a portion of the results. Huang, Tian, and Yuan [53]
used three quantifying instruments to assess mental well-being, but all were limited and
were closed-ended questions. Happiness was assessed with a single question— “In general,
how happy would you say you are on a scale from 1 (extremely unhappy) to 10 (extremely
happy)?” which may not provide a broad picture of the overall MH on the assessed cohort,
despite incorporating other methods [53]. Roberts and Helbich [48] used the PHQ-9 scale
to measure depressive symptoms. However, few studies have assessed its factor structure,
and the results have been inconsistent [179].

Face-to-Face Sampling/Assessment

While only Generaal et al. [71] used this sampling method to analyze the presence
of current depressive and anxiety disorders, incorporating the Composite International
Diagnostic Interview (WHO version 2.1) in person, Huang et al. [45] assessed personal and
household socioeconomic attributes. It is worth noting the importance of incorporating
this method in the research. The study incorporated predetermined questions associated
with quantitative methods.

Direct face-to-face assessment research data are obtained verbally between the in-
terviewer and the respondent, allowing open-ended or closed-ended questions for com-
prehensive and in-depth data collection, providing richer, personal, and more nuanced
information about mental health conditions than other methods and can include psycholog-
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ical scales and observational assessments [185–187]. In qualitative methods-based research,
the participants’ thoughts, feelings, and beliefs, sometimes sensitive, about a particular
topic are explored, building rapport even in highly structured and standardized inter-
views [188]. During face-to-face assessments, it is also possible to observe non-verbal cues
such as body language, facial expressions, or tone of voice, which can provide additional
context and insight into the participant’s answers and mental health [186].

However, face-to-face assessments require resources, such as training on conducting
the interviews, which may require time and training, which can be costly [185,186]. Lastly,
it can limit the number of participants assessed within a given timeframe if the assessments
are one-on-one rather than large groups such as focus groups [186] and sharing negative
views about the study or too much personal information may harm rapport building and
thus lower the response rate, introduce dishonesty, and introduce potential bias into the
data [187,189].

Medical/Healthcare Data

Medical/healthcare data, or “real world data”, is central to any healthcare activity
involving collecting, analyzing, or using patient health information to direct insights into
patients’ health status and needs at a large scale, often spanning over several years [190].
In the results, Mouly et al. [44] used a random female cohort from the Australian Universal
Healthcare System (Medicare) database to assess anxiety symptoms further following a
GAD. Yang et al. [47] used inpatient data, self-reported data (based on physician diagnosis
and subsequently checked with nurses), and death records for depression and anxiety,
while Ji et al. [50] used hospital admission data for anxiety. Other studies involved in the
scoping review also used this type of data [43,54,60,62,63,68].

These data are considered quantitative due to the wealth of numerical data, such
as lab and assessment results, medication dosages, and vital signs that can be measured
and quantified. The digitalization of health records has significantly helped to improve
healthcare delivery with improved management, surveillance, and accessibility of patient
data [191]. Medical records data offer high systematic accuracy and reliability, offering
detailed clinical information, and allow for data linkages, which provide passive follow-
ups for participant research and outcomes to be collected cost-effectively with minimal
drop-out [192]. This provides a better phenotypic classification in predicting relevant
outcomes [192–194]. Moreover, this data can validate self-reported data from surveys or
scales, increasing research findings’ overall accuracy and feasibility [195].

Regulations such as the General Data Protection Regulation (GDPR) may restrict the
reuse of health data across different activities, requiring specific patient consent. Due to this
complex landscape of ethical and legal requirements, attaining this type of data is extremely
difficult, restricting research by the lengthy, confusing, and time-consuming applications
and communications processes, which may not guarantee permission to access the data
to protect the patient’s confidentiality and personal information rights [194,196]. Even in
low-risk studies, compiling a consent form and its active management could be costly and
time-consuming [196–198]. Concerns about data misuse, especially non-anonymized data,
and data leakage can lead patients to overprotect their data and not give their consent for
its reuse in research [197,198].

Health facilities often use varied electronic or paper health records, screening, and
organizational styles, and a lack of technical interoperability between data systems can
hinder efficient data aggregation and use, leading to failure to get a comprehensive view of
the patient’s health status [192,195]. For example, Kandola and Hayes [46] used juli, a digital
healthcare platform, and stated that certain confounders, such as socioeconomic position
and urbanicity, may not have been measured. Furthermore, evaluations of treatment
outcomes at geographical, administrative, epidemiological, or facility levels often focus
solely on mortality, readmission, and data such as medicine use and other uses of health
services and may fail to capture treatment outcomes fully [193]. Lastly, there could be
a data selection bias as not all individuals with mental health conditions seek medical
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help, thus resulting in incomplete and underrepresented data on populations with existing
mental health disorders [195].

4.3. Statistical Methods

Four studies used linear regression for their analysis [45,46,51,52]. Multiple regression
was used in two studies [48,49]. However, the model of Lan et al. [49] incorporated a
random forest model as it is useful for capturing nonlinear associations. Whereas the gener-
alized additive model, used by Ji et al. [50], Carroll et al. [68], and Helbich, Browning, and
Huss [70], is considered to be a general case of regression [199], multivariate linear regres-
sion, or the general linear model (GLM) used by one study [53], compactly uses multiple
linear regression models, allowing for different kinds of responses, and, when applied with
Poisson distribution [43,63], the model offers more flexibility for describing experiences by
a set of correlated count variables [199,200]. While multivariate and multivariable terms
are used interchangeably in research, multivariable analysis refers to statistical models with
multiple independent or response variables [201], which Zu et al. [55] used. Multilevel
linear regression, used by Wang et al. [64] and Generaal et al. [71], accounts for data nested
within groups, which are given a probability model, providing more accurate estimates
when a hierarchical structure exists [202,203]. Multilevel ordinal regression models are
used for ordering categories, as Tao et al. [56] used this to control both within-individual
and inter-individual differences in stress responses to environmental pollutants.

Logistic regression, a type of GLM modeling used by Hao et al. [60], is incorporated
when a dependable variable may have a discrete value or only one of the two values. It
shows a relationship between the target and independent variables via a sigmoid curve.
It best uses large data sets to predict a dichotomous outcome [204]. This model can be ex-
tended to multiple variables to construct complex logistic regression to predict the outcome
of a response variable and achieve a meaningful relationship [57,58,65,69]. Conditional
logistic regression, used by Rahman et al. [67], differs from logistic regression only in that
the estimates are conditional on the matched groups or the cases linked to a case-control
study, requiring individually matched studies [205].

Yang et al. [47] and Wan et al. [66] used Cox proportional hazard models to estimate
the hazard ratios of individual air pollutants and air pollution scores and to what extent the
association between green space and mortality was attenuated, respectively. These models
consider the time until events occur and whether the risk factor affects the age of onset of
the disease or disorder [206].

The two-way fixed effect regression model estimates causal effects from panel data
and adjusts for unobserved unit-specific and time-specific confounders [62]. This model
by Chen et al. [62] allowed us to rule out any confounding effects from time-invariant
factors at the city level. The negative binomial regression is usually used for overdispersed
outcome variables when conditional variance exceeds the mean [207]. Sakhvidi et al. [59]
used this model to find the association between exposure to air pollution and depressive
symptoms. Time-varying covariates, the Cox model, and generalized propensity score, as
used by Feng et al. [54], were created for cohort survival data where air pollution and age
were assumed from year-to-year varying exposures to estimate the association and mental
disorders among people with diabetes. The model estimates the hazard of each participant
being treated at a certain time [208]. In contrast, the generalized propensity score balancing
is based on the conditional density of the continuous exposure given the confounders [54].
The generalized estimating equation, as used by Mouly et al. [44], allowed for repeated
observations from each female participant over time. As GEE estimates population-average
effects, it is broadly used in longitudinal studies for large groups of predictors, and it was
appropriate for the study’s aims and data [44,209].

5. Limitations and Recommendations

Despite the methodologies observed in the scoping review, several limitations must
be acknowledged:
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(1) Most studies included in this review are cross-sectional, limiting the ability to draw
causal inferences. Cross-sectional designs capture a snapshot in time and cannot
establish temporality, making it difficult to determine whether air pollution exposure
precedes the onset of mental health symptoms [49,50]. Meanwhile, some studies
employed longitudinal designs [47,48], which are excellent in tracking changes in
mental health over time but may also face significant challenges such as systematic
biases, high costs, measurement consistency, data management, changing contexts,
participant burden, complex analysis, and ethical considerations limiting the feasibility
of the literature [210–213]. Instead, prospective cohort studies may be more helpful
in establishing causality and understanding the long-term impacts of air pollution
on mental health due to their focus on identifying risk factors for disease or health
outcomes by following a healthy cohort over time and assessing effects for the future.
It is also important to note the abundance of quantitative methods assessed in the
scoping review and the lack of qualitative methods used in the selected studies. None
of the studies included qualitative methods, which could provide deeper insights into
the subjective experiences of individuals affected by air pollution. Qualitative data
could help portray the mechanisms through which air pollution impacts mental health
and provide a more holistic understanding of these relationships through individual
cohort perspectives.

(2) The obtained literature is biased geographically. Most studies were conducted in
Asia and Europe, lacking representation from other continents and countries. This
leaves significant gaps in knowledge regarding the impact of air pollution on mental
health in different regions, such as Africa and South America, where no studies were
identified in the scoping review. There could be various reasons for a lack of similar
research, including focusing on physical health outcomes, such as respiratory and
cardiovascular diseases, rather than mental health [21,73,214,215]. Funding may pri-
oritize other public health issues perceived as more immediate or severe, leading to
fewer research resources linking air quality and mental health. For example, African
countries combat health risks such as HIV/AIDS, malaria, and tuberculosis while
lacking a public budget or immediate concern and dedication to mitigate air pollution
and focus on mental health research [216]. Furthermore, awareness of the potential
links between air quality and mental health is relatively recent compared to more
established areas of environmental health research. As a result, the body of research
is still growing, and fewer reviews might have been conducted to synthesize existing
studies. Additionally, collecting reliable air quality and mental health data can be
challenging due to limited access to high-quality, long-term air pollution data and com-
prehensive mental health records, especially in developing countries. In some parts of
South America and Africa, limited research infrastructure and resources can impede
conducting extensive research [217–221]. There might be a lack of local expertise or
interest in the intersection of air quality and mental health. Mental health research,
in general, might be underprioritized due to cultural stigmas or SES challenges in
certain regions [222]. Addressing these challenges requires targeted efforts to enhance
research infrastructure, foster interdisciplinary collaboration, increase funding for
mental health research in environmental health contexts, and raise awareness about
the importance of studying the links between air quality and mental health.

(3) Many studies relied on self-reported measures for assessing mental health outcomes,
such as the CES-D and PHQ-9 scales. Although these are validated tools, they are
subject to reporting biases due to predetermined closed-end questions, which can
affect the accuracy and reliability of the data. A mixed-method approach, such as
quantitative and qualitative methods in the study design, could enhance the accuracy
and reliability of mental health evaluations.

(4) This study primarily focused on the link between PM and MH, while other pollutants
such as O3, volatile organic compounds (VOCs), SO2, CO, and NO2 have not been
addressed. These pollutants warrant consideration in future research as their poten-
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tial neurotoxic effects could contribute to a broader understanding of how various
air pollutants impact the nervous system and, consequently, MH. For example, O3
exposure has been linked to activated stress responses [92], psychiatric emergency
services admissions, depression, and other MH disorders [223–225], including the use
of antidepressants [226]. VOCs are neurotoxic and can damage the central nervous
system and affect sleep [227]. However, the association between VOCs and certain MH
disorders, such as depression, remains unclear and requires more research [228,229].
Augmented risk of MH when exposed to SO2, CO, and NO2, especially depression
and stress, has been observed in numerous studies [65,92,230–233]. While CO is
predominantly associated with suicide [234,235] and has been previously used in
several countries as a suicide method [236–238], it is also associated with cognitive
impairments [239,240]. NO2 and NOX produce the most apparent association with
adverse MH, such as anxiety [241], schizophrenia [242,243], depression [28,242,244],
and various neurodevelopment disorders [245–248] in urban areas [249]. NO2 and
NOX are commonly associated with motor vehicle exhausts [250]. Future research
should aim to fill these gaps and consider the combined effects of multiple pollutants
to provide a more comprehensive understanding of how air quality influences mental
health.

(5) Several studies did not adequately control for potential confounders, such as me-
teorological, SES, lifestyle factors, and pre-existing health conditions, which could
influence the observed associations between air pollution and mental health [45,46].
It is well acknowledged that meteorological conditions affect PM concentration in
the atmosphere [251–257]. Lower SES populations, including minorities [258], often
reside in areas lacking green spaces and higher pollution levels due to proximity to
industrial zones, heavy traffic, and other pollution sources, work in jobs involving
harmful exposures, and are more exposed to extreme weather events [259]. Future
studies should better incorporate comprehensive adjustments for these variables to
isolate the effects of air pollution on mental health.

(6) The variability in air pollution measurement methods in the selected studies may
present a challenge. While some studies used fixed monitoring stations or LUR
models, others solely relied on portable sensors or governmental databases, leading
to potential inconsistencies in exposure assessment. Standardizing or using a mixed-
method approach (e.g., LUR model with databases or portable monitors) to compare
results and air quality measurement approaches across studies could improve the
findings.

(7) Due to the strict inclusion criteria, many studies, including those of vulnerable popu-
lations such as children and the elderly (>69), were excluded from the scoping review.
While the review identified the gap in research on assessing air quality effects on
mental health in working-age urban adult populations, vulnerable populations might
experience different or more severe implications of air pollution on mental health
due to heightened sensitivities. Including vulnerable groups, including those with
pre-existing mental health conditions, in future research is crucial as it could provide
a more detailed understanding of the health impacts of air pollution [11]. This could
have been why little to no research was discovered on other continents, such as South
America and Africa—the lack of South American and African studies represents a
significant research gap. These regions face unique environmental challenges and
socio-economic conditions that could influence the relationship between air pollution
and mental health differently, especially in South America and Africa, compared
to more industrialized areas [74]. In many South American and African countries,
limited funding, lack of infrastructure for air quality monitoring, and insufficient
public health research capacities hinder comprehensive studies on environmental
health [51]. Furthermore, political and economic challenges often divert attention
and resources from environmental health issues, exacerbating the research gap [74].
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Addressing this gap is essential for comprehensively understanding global health
impacts and informing policies in these underrepresented regions.

(8) Exploring the interactive effects of multiple pollutants and other environmental
stressors (e.g., noise pollution, green space) on mental health could provide more
understanding of these complex relationships [45]. Green spaces are widely viewed as
a health-promoting characteristic of residential environments, which could be useful
to include in studies to broaden the understanding of how mental health could be
improved when exposed to air pollution [260]. Advanced statistical techniques, such
as structural equation modeling and machine learning, could be employed to unravel
these multifaceted interactions [56].

(9) To widen the literature search, it is advisable to complement multiple databases, such
as Medline, Web of Science, Google Scholar, or discipline-specific databases. Utiliz-
ing multiple databases can help broaden your search scope, ensure comprehensive
coverage, and minimize potential biases or omissions in the literature.

6. Conclusions

The detailed examination of methodologies used in the scoping review provides
valuable insights into the methods used to collect data required to correlate outdoor air
quality, mainly ambient PM2.5, and mental health outcomes, specifically depression, stress,
and anxiety, in specific regions and adult populations. The most preferred method in studies
to analyze AQ and MH are quantitative methods: using AQ data from monitoring stations
to assert AQ, which is required for other AQ analysis methods, such as LUR; for MH, it
is questionnaires with psychological scales, which indicates a focus on quantifiable and
standardized mental health measures. Statistical methods, particularly linear regression
models, have been widely used to find the relationship between AQ and MH.

Future research must address the diverse demographics (e.g., ages, cultures, races,
geographical regions, etc.) and socioeconomic statuses (e.g., income, education level), as
well as consider other environmental factors (e.g., meteorological conditions, vegetation,
noise, etc.) to develop effective global health policies and interventions. Expanding research
to encompass various pollutants and underrepresented geographical areas such as South
America and Africa and including vulnerable groups such as children and the elderly
will provide a more inclusive understanding of the mental health impacts of air pollution.
Furthermore, integrating qualitative methods alongside quantitative analyses can enhance
our understanding of the complex interactions between environmental factors and mental
health.
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