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ABSTRACT

Background and Aim: Environmental pollutants, including contaminated air, harmful chemicals, and excessive noise, are
increasingly prevalent in modern society. These contaminants can significantly affect mental well-being, a fundamental
determinant of cognitive functioning, emotional regulation, interpersonal relationships, life satisfaction, and overall physical
health.

Methods: This systematic review examines the effects of various types of pollution, such as air pollution, noise pollution, and
chemical contaminants, as well as their interactions, on mental health outcomes across diverse populations.

Results: Our search identified 61 high-quality studies that met our inclusion criteria. Among quantitative studies, 81% (n = 49)
reported a significant association between pollution and mental health outcomes. Air pollution was the most frequently studied
factor, with 50% confirming an association. In contrast, chemical pollution showed the lowest positive associations, with only
10% reporting an association. Our analysis reveals critical limitations in current research, particularly regarding data availability
and quality, with most mental health data sets being limited in temporal scope and geographical coverage. While we discuss
Artificial Intelligence as a prospective methodological framework to improve the precision and efficiency of future studies, we
emphasize that its effective implementation fundamentally depends on addressing underlying data limitations. Specifically,
spatiotemporal models can address exposure misclassification, attention mechanisms can handle confounding complexity, and
deep learning can manage temporal variability, but all require systematic improvements in data collection infrastructure.
Conclusion: This review highlights the urgent need for standardized mental health monitoring systems, interdisciplinary
collaboration, and the development of comprehensive data collection frameworks as essential prerequisites for leveraging
advanced analytical methods in understanding pollution-mental health relationships.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided
the original work is properly cited.

© 2026 The Author(s). Health Science Reports published by Wiley Periodicals LLC.
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1 | Introduction

Environmental pollution, including air, chemical, and noise
pollution, is increasingly pervasive in modern societies and
represents a growing threat to human well-being [1, 2]. Beyond
its established physical health effects, pollution has been rec-
ognized as a major environmental stressor with significant
implications for mental health. Mental well-being is essential
for cognitive functioning, emotional regulation, and social in-
teractions, and is therefore a critical public health concern [3].

Among environmental stressors, air, chemical, and noise pol-
lution are particularly relevant to mental health because of their
widespread distribution and potential for chronic exposure
across large populations [2]. Air pollution arises from anthro-
pogenic sources such as transportation, industrial activities,
household energy use, and agriculture, as well as natural
sources including wildfires and dust events. Commonly studied
air pollutants include particulate matter (PM,.5, PM;), nitrogen
dioxide (NO,), sulfur dioxide (SO,), carbon monoxide (CO),
ozone (O3), and volatile organic compounds (VOCs), which
have been associated with adverse mental health outcomes
across different populations [4]. Chemical pollution originates
from industrial processes, agricultural practices, waste disposal,
and accidental releases, leading to exposure to contaminants
such as heavy metals, polycyclic aromatic hydrocarbons
(PAHs), per- and polyfluoroalkyl substances (PFAS), poly-
chlorinated biphenyls (PCBs), and dioxins through air, water,
food chains, and soil [3, 5-7]. Noise pollution, primarily driven
by transportation systems, industrial activity, construction, and
urbanization, contributes to annoyance, stress, sleep distur-
bance, and cognitive impairment, with increasing evidence
linking chronic noise exposure to adverse mental health out-
comes [8].

Despite the growing body of evidence linking environmental
pollution to mental health, substantial gaps remain in current
research [4]. Many studies focus on individual pollutants in
isolation, rely on heterogeneous exposure assessment methods,
or are constrained by limited temporal and geographical cov-
erage. These limitations hinder the ability to capture real-world
exposure scenarios characterized by spatial-temporal variabil-
ity, co-exposure to multiple pollutants, and complex interac-
tions with socioeconomic, behavioral, and health-related
factors. As a result, conventional statistical approaches often
struggle to model non-linear relationships adequately and to
control for multiple confounders when investigating pollution-
mental health associations.

Accordingly, this paper presents a systematic review of the lit-
erature on the relationship between environmental pollution
and mental health, conducted in accordance with PRISMA
guidelines. The main contributions of this work are as follows:

- a comprehensive synthesis of evidence linking air, chem-
ical, and noise pollution to mental health outcomes, based
on 61 high-quality studies published between 2016
and 2024;

- acritical assessment of methodological approaches used in
existing studies, highlighting key limitations in exposure
assessment, data quality, and confounding control;

- a discussion of how artificial intelligence (AI)-based
methods could address these research challenges in
future studies, enabling more robust, scalable, and inte-
grative analyses of pollution-mental health relationships.

In recent years, AI methods have shown potential for advancing
environmental mental health research. Al-based methods can
integrate heterogeneous data sources, including environmental
monitoring data, health records, and socioeconomic indicators.
They can also model complex spatial-temporal patterns and
non-linear interactions that are difficult to capture using tra-
ditional analytical approaches [9-11]. However, the effective
application of AI in this domain critically depends on the
availability, quality, and standardization of pollution and
mental health data. These issues are systematically identified
and discussed throughout this review.

1.1 | Related Reviews

Several literature reviews have investigated the relationship
between environmental pollution and mental health (Figure 1),
but important limitations remain.

Single-pollutant reviews have provided foundational evidence
but with narrow scope. Schmitt et al. [12] focused on chronic
contamination scenarios, excluding acute exposures and emer-
ging pollutants, and did not consider modern analytical meth-
ods or real-time monitoring. Zaman et al. [8] examined the
mental health consequences of noise pollution, but their review
was limited to a single pollutant and did not address method-
ological challenges related to exposure assessment or data
integration. Legg et al. [13] analyzed mental health impacts in
industrial contamination contexts, overlooking other major
environmental pollutants and the potential of advanced com-
putational approaches.

Recent multi-domain reviews have addressed broader aspects of
environmental exposures, but each has important limitations.
Riickle et al. [14] conducted a comprehensive systematic review
on climate change hazards and mental health in Europe,
identifying multiple pathways linking air pollution, floods,
wildfires, and temperature extremes to depression, anxiety, and
cognitive impairment. However, their review acknowledged
extreme heterogeneity in outcome measurements and study
designs, making cross-hazard comparisons difficult and pre-
venting meta-analytic synthesis. Rackow et al. [15] systemati-
cally reviewed bidirectional interactions between air pollution
and weather conditions on mortality and mental/neurological
diseases. They found synergistic effects between combined ex-
posures and adverse health outcomes. However, the review was
geographically limited to Europe and North America, and
substantial heterogeneity in study designs and exposure defi-
nitions precluded meta-analysis.

Morrel et al. [16] conducted a systematic review of MRI studies
examining air pollution and brain structure/function, identify-
ing associations between pollutants (particularly PM,.5) and
structural and functional brain alterations. However, their
review focused exclusively on neuroimaging outcomes and was
limited to Western countries with relatively low pollution levels.
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MORREL ET AL.
investigates air pollution

exposure and brain
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LEGG ET AL.
focuses on environmental
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psychological
well-being

ZAMAN ET AL.
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of environmental
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RUCKLE ET AL.
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change hazards and
mental health
outcomes in Europe

ZHANG ET AL.
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meta-analysis
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RACKOW ET AL.
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and weather conditions

on neurological
diseases

FIGURE1 | Comparison of our review paper with existing literature reviews.

Zhang et al. [17] conducted a systematic review and meta-
analysis examining associations between indoor air pollution
(from solid fuel use and secondhand smoke) and depression
risk. They found increased depression risk overall, with stron-
ger associations for solid fuel use than secondhand smoke.
However, studies were predominantly from China and the USA,
exposure was assessed as binary (precluding dose-response
analyses), and relied primarily on self-report questionnaires.

These reviews have important limitations. Each examined only
one pollution type (air pollutants, climate hazards, weather-
pollution interactions, or indoor pollution), focused on specific
outcomes (neuroimaging, clinical symptoms, or specific dis-
eases), examined specific settings (outdoor or indoor), or cov-
ered limited geographic regions.

In contrast to these previous works, the present review adopts
a comprehensive perspective by jointly examining air, noise,
and chemical pollution and their associations with mental
health outcomes. By considering interactions among

pollutants and discussing advanced computational ap-
proaches to support data integration and real-time analysis,
this study provides a more holistic framework for under-
standing pollution-related mental health risks and informing
evidence-based policies and interventions.

1.2 | Research Questions
This review aims to address the following research questions:

- What is the current evidence of associations between dif-
ferent types of environmental pollution (air, water, noise,
light, etc.) and specific mental health outcomes?

- What methodological approaches have been employed to
study these associations, and what are their strengths and
limitations?

- How can artificial intelligence techniques enhance research on
the relationship between environmental pollution and mental
health?

Health Science Reports, 2026
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— What are the key ethical considerations and challenges in
applying Al to environmental mental health research?

- What future research directions should be prioritized to
advance understanding of environmental pollution
impacts on mental health using AI approaches?

2 | Article Search and Selection Methods

This systematic review was conducted in accordance with the
PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analysis) guidelines, in line with the EQUATOR Network
recommendations [18]. In June 2024, a comprehensive litera-
ture search was performed in PubMed, Scopus, and Web of
Science using Boolean combinations of the keywords “En-
vironmental”, “Air”, “Noise”, “Pollution”, “Well-being”,
“Mental Health”, and “Contaminants”. The final search string
was: (“Environmental” OR “Air” OR “Noise” OR “Pollution”)
AND (“Well-being” OR “Mental Health” OR “Contaminants”).
These databases were selected for their broad coverage of peer-
reviewed, high-quality scientific literature. Articles published
between 2016 and June 2024 were included.

The initial search identified 421 records. After removing 213
duplicates, 208 unique articles were screened based on title and
abstract. Studies were excluded if they were not peer-reviewed,
not published in English, not focused on human populations,
not directly relevant to associations or causal relationships
between pollution and mental health, or not available in full
text. Non-English publications were excluded to ensure con-
sistency, methodological rigor, and formal peer review,
acknowledging that this may introduce some limitations.

Following this screening step, 115 articles were excluded. The
remaining 93 studies underwent full-text assessment, including
evaluation of quality and relevance. Study classification and
categorization, including quality assessment, were performed
independently by two co-authors (A.S. and Y.H.).

2.1 | Quality Assessment Protocol

Each of the 93 full-text articles was independently evaluated by
both reviewers using a standardized quality assessment frame-
work specifically adapted for environmental health research
(detailed criteria in Appendix A). The assessment evaluated five
key methodological dimensions:

1. Study design quality (0-3 points): Appropriateness and
rigor of study design (e.g., longitudinal vs. cross-sectional);
clarity of exposure and outcome definitions; establishment
of temporal relationships; sample size adequacy and sta-
tistical power considerations.

2. Exposure assessment (0-3 points): Validity and reliability
of pollution measurement methods (e.g., monitoring sta-
tions, satellite data, personal sensors); spatial and tem-
poral resolution of exposure data; consideration of
relevant exposure windows; assessment of exposure
misclassification.

3. Mental health assessment (0-3 points): Use of validated
mental health instruments; diagnostic rigor and clinical

relevance; specificity of mental health outcomes; assess-
ment of measurement validity in the study population.

4. Statistical analysis (0-3 points): Appropriateness of ana-
lytical methods for research question; sensitivity analyses
to test robustness of findings; transparency in handling
missing data.

5. Reporting quality (0-3 points): Completeness and trans-
parency of methodological reporting following relevant
guidelines (e.g., STROBE); clarity in presentation of
results; discussion of limitations; reproducibility potential.

For primary empirical studies, the framework assessed these
five dimensions as described above. For systematic reviews and
meta-analyses, adapted criteria were applied focusing on: (1)
comprehensiveness and transparency of search strategy; (2)
critical appraisal and quality assessment of included studies; (3)
appropriateness of synthesis methods (meta-analytic or narra-
tive); (4) nuanced interpretation of evidence accounting for
heterogeneity; and (5) reporting completeness following
PRISMA or similar guidelines (see Appendix A for detailed
adapted criteria).

Studies could achieve a maximum score of 15 points across all
five dimensions. Articles were included if they achieved a
minimum score of 7 points. This threshold was selected to en-
sure methodological quality while maintaining inclusiveness
appropriate for this interdisciplinary field. Studies with funda-
mental design flaws or insufficient reporting were excluded.
Discrepancies in scoring were resolved through discussion
between the two reviewers until consensus was reached. In
cases where consensus could not be initially reached (n=4
studies), a third reviewer (M.S.) was consulted.

Following quality assessment, 32 studies were excluded due to
insufficient methodological quality, resulting in 61 high-quality
studies for final inclusion: 52 primary empirical studies and 9
systematic reviews/meta-analyses. Figure 2 presents the
PRISMA flow diagram summarizing the identification, screen-
ing, eligibility assessment, and final inclusion of studies. De-
tailed quality assessment scores for each included study are
reported in the Supporting Information S1: Tables S1-S4.

3 | Results

Among the 61 reviewed articles, 34 focused on air pollution, 8
on chemical pollution, 3 on noise pollution, 2 on air and noise
pollution, and 14 on combinations of multiple types of pollu-
tion. The predominant research methodology used in these
studies was observational, although a smaller number of ex-
perimental studies were also included.

3.1 | Air Pollution

Supporting Information S1: Table S1 summarizes studies on the
impact of air pollution on mental health (n = 36). The collective
evidence from numerous studies suggests a robust association
between exposure to air pollutants and various adverse mental
health outcomes.
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e
=]
= Pubmed (128); Scopus (160);
,-E Web of Science (133)
= Total: 421
=
v
=
Duplicated titles = 213
(Removed)
[ Unique titles: 208 }
Conference papers: 76
%D Book Chapter: 4
= » Non relevant and
8 editorial: 35
S Total: 115
No. of studies for
eligibility assessment: 93
Excluded due to
~ insufficient quality
" (score <7)
TR Total: 32
No. of studies to be included
in the review study: 61
FIGURE 2 | Selection process for relevant studies following PRISMA criteria. The total number of included studies is 61. Exclusions at each stage

are also indicated, with the number and type of articles excluded next to the flowchart.

Research consistently demonstrates that long-term exposure to
air pollution, particularly particulate matter (PM, s and PM;g)
and gaseous pollutants (NO,, SO,, CO, and Os), is associated
with increased risks of depression, anxiety, and other psychi-
atric disorders [19-21]. These associations have been observed
in various demographic groups, including children [22, 23],
adolescents [24, 25], adults [26-30], and older populations
[21, 31, 32]. The impact of air pollution on mental health ap-
pears to be moderated by various factors. Socioeconomic status,
gender, and pre-existing health conditions have been identified
as significant modifiers of the relationship between air pollution
and mental health outcomes [33-36]. For instance, studies have
found that women, individuals with lower education and
income levels, and those with pre-existing health conditions
may be more susceptible to the mental health effects of air
pollution [29, 37].

Several studies have explored the potential mechanisms
through which air pollution may affect mental health. These
include increased inflammation, oxidative stress, and altera-
tions in neurotransmitter systems [38-41]. Additionally,

research has suggested that air pollution may indirectly impact
mental health through its effects on physical health, sleep
quality, and overall quality of life [42-44]. The relationship
between air pollution and mental health extends beyond
individual-level effects. Studies have found associations
between air pollution levels and increased utilization of mental
health services, including outpatient visits, emergency depart-
ment trips, and hospitalizations [9, 45]. This highlights the
broader public health implications of air pollution on mental
health care systems.

Recent research has also examined the impacts of air pollution
on mental health in the context of specific events or populations
[46]. These include studies on maternal exposure during preg-
nancy and subsequent child mental health [47], the effects of air
pollution on cancer survivors' mental health [48], and the
impact of air pollution on mental health in the context of the
COVID-19 pandemic [49, 50].

The cumulative evidence strongly supports a significant asso-
ciation between air pollution exposure and adverse mental

Health Science Reports, 2026
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health outcomes. This relationship is observed across various
pollutants, geographical regions, and demographic groups, un-
derscoring the global nature of this environmental health
challenge.

3.2 | Chemical Pollution

Supporting Information S1: Table S2 presents studies (n =8)
exploring the relationship between different types of chemical
pollution and mental health indicators.

Studies have highlighted the vulnerability of children to the
mental health impacts of chemical pollution. Maternal exposure
to polycyclic aromatic hydrocarbons during pregnancy has been
associated with poorer mental health outcomes in children [51].
In adults, research has shown associations between exposure to
heavy metals in topsoil and increased risk of mental disorders
[52]. Communities affected by chemical contamination often
experience significant psychosocial stress. Studies on per- and
polyfluoroalkyl substances contamination have revealed
heightened anxiety, uncertainty, and distrust among affected
residents [53, 54]. Indigenous communities exposed to indus-
trial pollutants, such as methylmercury from gold mining, also
face unique mental health challenges [55]. The interplay
between chemical pollutants and other factors, such as alcohol
consumption, can exacerbate mental health risks [56]. Despite
the growing evidence, significant knowledge gaps remain in
understanding the full extent of chemical pollution's impact on
mental health [12, 13].

The evidence suggests that exposure to chemical pollutants can
increase the risk of mental health disorders and compromise
psychological well-being.

3.3 | Noise Pollution

Supporting Information S1: Table S3 presents studies (n = 5) on
noise pollution and its impact on mental health across different
populations and contexts.

A large-scale study in Germany found that individuals experi-
encing high noise annoyance had double the risk of impaired
mental health, with women being more affected than men [57].
Similar findings were reported in China, where higher noise
pollution exposure was significantly associated with worse
mental health outcomes [58].

The impact of noise pollution on mental health appears to be
particularly pronounced in urban environments [59]. Studies
have identified traffic and construction as primary sources of
noise that negatively affect mental well-being [58]. Moreover,
long-term exposure to noise pollution during youth and ado-
lescence has been associated with increased anxiety levels later
in life [25, 60]. While the link between noise pollution and
anxiety seems robust, its association with other mental health
conditions, such as depression and psychosis, is less clear. Some
studies have found no significant relationship between noise
pollution and these disorders [61]. The effects of noise pollution
on mental health may also interact with other environmental

factors. For instance, when considered alongside air pollution
and green space availability, the impact of noise pollution on
mental health outcomes can vary [61].

This evidence strongly suggests that noise pollution is a sig-
nificant environmental stressor that can negatively impact
mental health.

3.4 | Combined Pollution and Miscellaneous
Studies

Supporting Information S1: Table S4 summarizes papers
(n=14) examining the combined effects of multiple pollutants,
as well as other environmental factors, to provide a more
comprehensive understanding of the complex relationship
between environmental pollution and mental health.

Studies investigating the joint impact of air and noise pollution
have revealed that both pollutants can contribute to poor
mental health outcomes, albeit through different pathways [62].
For instance, Dzhambov et al. [63] found that daytime noise
directly impacted mental health, while air pollution had
indirect effects. Similarly, research using UK Biobank data
uncovered associations of exposure to both PM2.5 and road
traffic noise with various mental health issues [64].

The interplay between different environmental factors, includ-
ing green spaces, air pollution, and traffic noise, has been
shown to have complex associations with mental health out-
comes [61]. Water pollution has also been linked to significant
mental health consequences. The Flint water crisis, for ex-
ample, led to heightened stress, anxiety, depression, and dis-
trust among affected residents [65]. Studies on wildfire smoke
exposure have indicated potential impacts on mental health,
particularly during prolonged events, although the evidence
remains somewhat inconsistent [1, 66].

Research has also pointed to the potential role of environmental
pollutants in triggering more severe mental health conditions,
such as schizophrenia [67]. Additionally, the impact of pollu-
tion on mental health may be moderated by factors such as
socioeconomic status, pre-existing health conditions, and indi-
vidual perceptions of environmental risks [68, 69]. Recent
research has employed advanced techniques, such as data
mining and structural equation modeling, to better understand
the complex relationships between various environmental fac-
tors and mental health [70, 71].

The evidence from combined pollution and miscellaneous
studies emphasizes the complex, interconnected nature of en-
vironmental pollutants and their impacts on mental health.

4 | Discussion
4.1 | Main Findings

Publication trends show growing research interest in the rela-
tionship between pollution and mental health (Figure 3a).
Publications increased steadily after 2018, peaked in 2021, and
remained high over the years. Air pollution was the most
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FIGURE 3 | Temporal distribution of the reviewed papers, categorized by (a) year and (b) pollution type.

studied exposure, followed by chemical pollution, whereas noise
pollution was less commonly examined (Figure 3b). Since 2021,
more studies have examined combined or multi-pollutant ex-
posures, highlighting a shift toward more integrative approaches.

The distribution of studies by pollution type (Figure 4) shows
that more than half examined air pollution (n = 36), while fewer
studies focused on chemical (n = 8) and noise pollution (n = 5).
A substantial number of studies (n=14) addressed multiple
pollutants, reflecting growing interest in interaction effects.

Geographically, the literature is unevenly distributed (Figure 5).
Most studies focused on Asia and Europe, with China being the
most represented country. In contrast, North and South
America, Oceania, and other regions remain underrepresented.

Methodologically, most studies used quantitative, longitudinal
designs and relied on large-scale personal data sources,

[ Air Pollution

I Combined Pollution [ Noise Pollution

FIGURE 4

Distribution of papers by pollution type.

[ Chemical Contaminants
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FIGURE 5 | Geographical distribution of studies on pollution and mental health.

2‘//;/
Survey
15% Questionnaire
Hospital data
Interviews
83%

Self-reports

Search queries

Behavioural and Psychosocial Data
Clinical Data

Digital Data
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including surveys, questionnaires, hospital records, and self-
reported measures (Figure 6). Behavioral and psychosocial data
were used in the majority of studies (83%), while clinical data,
such as electronic health records, were less frequently em-
ployed. Most studies relied on subjective mental health assess-
ments, with limited integration of objective clinical or digital
data sources.

As summarized in Table 1, more than 80% of the quantitative
studies reported significant associations between pollution exposure
and adverse mental health outcomes across all pollution categories.

Among the studies that explicitly examined causality (n =13,
25%), all identified evidence suggestive of causal relationships.
These studies varied in methodological rigor. Some used
observational designs with temporal sequencing or dose-
response patterns, while others employed robust causal infer-
ence methods (e.g., instrumental variables, propensity score
matching, difference-in-differences, natural experiments).

20 3 G 3
9 2 47 2
2 En
31
5 10 15 20 25 30 35

Air Pollution " Combined Pollution

Chemical Contaminants Noise Pollution

The majority of quantitative studies (75%, n = 39) did not for-
mally evaluate causality. These studies were limited to associ-
ation analyses due to cross-sectional designs, lack of temporal
information, or reliance on conventional regression methods
that cannot adequately address unmeasured confounding.
While advanced causal approaches were occasionally used
[40, 47, 48], causal interpretation remains limited by method-
ological and ethical challenges inherent to environmental
health research [64, 69, 72].

Across studies, we classified pollution-related mental health
impacts into emotional, behavioral, physical, and social
domains (Figure 7). Air, noise, and combined pollution most
strongly affected emotional and behavioral outcomes, including
depression, anxiety, stress, and sleep disturbances, while
chemical pollutants were more closely associated with physical
and social dimensions of health. Consistent with this pattern,
depression and anxiety were the most frequently examined
disorders in quantitative studies (Figure 8), while several

8 of 16

Health Science Reports, 2026

85UBD17 SUOWIWIOD BAIER1D) 3 (et [dde ay) Ag pausenob a1e se e VO ‘SN Jo S3|NJ oy ARIq1T 8UIIUO /8|1 UO (SUO T IPUOD-PUE-SLLLIB)A0 AB 1M AZeJq)1BU|UO//:SANY) SUONIPUOD pue SWwie | 8L 885 *[9202/S0/ET] U0 Aelqi78uljuO A8|IM * ouLo] 1d Mod [Pa 19!1g “1S1S 0ULI0 1 001UMNOd - IAS OWsSe N AQ ¥TSZ. 2/SU/Z00T OT/I0p/L0D A8 |IM Akeiq 1 pul|uo//:Sdny woJj papeoiumod 'S ‘9202 'SE888652



TABLE 1 | Distribution of studies investigating the association and causality between pollution exposure and mental health.
Air Chemical Combined Noise
pollution pollution pollution pollution Total
Quantitative Association Yes 26 (50%) 5 (10%) 8 (15%) 3(6%) 42 (81%)
(n=52) No 6 (11%) 0 (0%) 3 (6%) 1(2%) 10 (19%)
Causality Yes 10 (19%) 3 (6%) 0 (0%) 0 (0%) 13 (25%)
No 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)
No 22 (43%) 2 (4%) 11 (21%) 4 (7%) 39 (75%)
evaluation
Qualitative Association Yes 3 (20%) 5 (33%) 4 (27%) 1 (7%) 13 (87%)
(n=15) No 1(6.5%) 0 (0%) 1 (6.5%) 0 (0%) 2 (13%)
Causality Yes 2 (13%) 1 (7%) 1 (7%) 0 (0%) 4 (27%)
No 0 (0%) 1 (7%) 0 (0%) 0 (0%) 1 (7%)
No 2 (13%) 3 (20%) 4 (27%) 1 (6%) 10 (66%)
evaluation
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FIGURE 7 | Quantitative studies that investigate mental health impacts across different types of pollution.
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FIGURE 8 | Quantitative studies that found a link between pollution and related mental disorders.

studies assessed overall mental health without focusing on
specific diagnoses.

Findings were consistent across pollutants, populations, and
methodologies, strengthening the evidence linking environ-
mental pollution to adverse mental health outcomes
(Supporting Information S1: Tables S1-S4).

The frequent overlap between pollution sources has important
implications for public health interventions. Industrial activity
and traffic often generate multiple stressors simultaneously
(e.g., emissions and noise). This suggests that integrated

mitigation strategies addressing multiple environmental ex-
posures may be more effective than single-pollutant ap-
proaches, particularly for protecting vulnerable populations
(such as low-income populations, women, older adults, and
individuals with pre-existing health conditions) who are dis-
proportionately affected.

4.2 | Limitations and Challenges

Several methodological limitations constrain current research
on environmental pollution and mental health.

Health Science Reports, 2026

9 of 16

85UBD17 SUOWIWIOD BAIER1D) 3 (et [dde ay) Ag pausenob a1e se e VO ‘SN Jo S3|NJ oy ARIq1T 8UIIUO /8|1 UO (SUO T IPUOD-PUE-SLLLIB)A0 AB 1M AZeJq)1BU|UO//:SANY) SUONIPUOD pue SWwie | 8L 885 *[9202/S0/ET] U0 Aelqi78uljuO A8|IM * ouLo] 1d Mod [Pa 19!1g “1S1S 0ULI0 1 001UMNOd - IAS OWsSe N AQ ¥TSZ. 2/SU/Z00T OT/I0p/L0D A8 |IM Akeiq 1 pul|uo//:Sdny woJj papeoiumod 'S ‘9202 'SE888652



TABLE 2 | Mapping of current limitations and the potential role of Al for future pollution and mental health research.

Current limitation Al-based solution

Expected improvement

Data availability and quality

Methodological variability
automated feature extraction

Complex exposure

assessment models

Confounding factors
approaches

Geographic representation

Deep learning for data imputation;
transfer learning for small datasets
Standardized deep learning pipelines;
Graph neural networks; spatio-temporal

Attention mechanisms; causal Al

Federated learning; domain adaptation

Better handling of missing data; ability to leverage
knowledge from data-rich regions

More consistent analysis across studies; reduced
reliance on manual feature engineering

Better modeling of pollution dispersion;
integration of multiple exposure pathways
Dynamic weighting of relevant factors; better
isolation of pollution effects

Enable multi-site studies while preserving
privacy; better generalization across regions

1. Data availability and quality: most studies rely on self-
reported data or retrospective surveys, which are prone to
recall and reporting bias. Mental health and pollution data
sets are often heterogeneous in temporal resolution, var-
iable definition, and geographical coverage. Moreover,
study designs, exposure metrics, and outcome definitions
lack standardization, limiting comparability and repro-
ducibility across studies. High-frequency, longitudinal
data at national or regional levels remain scarce, posing a
major obstacle to robust causal inference.

2. Complexity of exposure assessment: individuals are typi-
cally exposed to multiple pollutants from diverse sources
that vary across time and space. Many studies rely on
ecological-level exposure estimates and regression-based
models that fail to capture individual-level variability or
cumulative exposure. This limits the identification of
direct causal relationships.

3. Confounding and effect modification: pollution-mental
health associations are influenced by numerous interact-
ing factors. These include socioeconomic status, age,
gender, pre-existing mental health conditions, environ-
mental co-exposures (e.g., noise, temperature, green
space), behavioral patterns, and temporal dynamics. Tra-
ditional statistical approaches often cannot adequately
model complex, non-linear interactions, leading to resid-
ual confounding and biased effect estimates. Geographic
differences in pollutant levels, healthcare systems, diag-
nostic practices, and cultural perceptions of mental health
introduce additional heterogeneity.

4. Geographic representation: existing studies are concen-
trated in Asia, Europe, and North America, with limited
representation from Africa, South America, and parts of
South Asia. This imbalance restricts the generalizability
of current evidence to underrepresented regions and
populations.

4.3 | Future Directions

AI methods could help address the methodological inconsis-
tencies identified in current pollution-mental health research.
Future work should prioritize reproducible analytical pipelines
that explicitly link current limitations to appropriate Al-based

strategies (Table 2), rather than isolated algorithmic applica-
tions. To provide a systematic roadmap for researchers and
practitioners, Table 2 presents a comprehensive framework that
maps each identified empirical limitation in current pollution—-
mental health research to specific Al-based solutions and their
expected methodological improvements.

A central challenge remains the integration of heterogeneous
environmental and mental health data, including air quality
[23], noise exposure [25], chemical contamination indicators
[52], and longitudinal mental health outcomes. To apply Al
methods effectively, future research will need standardized data
preprocessing to address missing data [37], spatiotemporal
misalignment [25], and inconsistent variable definitions, as well
as robust feature extraction strategies [21].

As shown in Table 2, graph-based and spatiotemporal models
are well-suited to capture complex exposure patterns, while
attention-based and causal AI approaches could help identify
dynamically relevant factors across time and population sub-
groups. However, these methods should complement, not
replace, rigorous study design and domain knowledge.

Model evaluation should combine standard performance met-
rics (e.g., AUC [52], MSE, R? [9]) with uncertainty estimation to
support risk assessment. Al-based systems could enable near
real-time monitoring [19], but their reliability depends on
standardized, FAIR-compliant data infrastructures supported
by public health institutions [3].

Interpretability and transparency remain essential for scientific
credibility and policy relevance. Moreover, climate-related
variables should be systematically incorporated, given their
influence on pollutant dynamics. Finally, interdisciplinary col-
laboration and explicit links between empirical findings and
regulatory frameworks are necessary to translate methodo-
logical advances into actionable public health insights.

4.4 | Ethical Considerations

AT applications in environmental mental health research raise
ethical challenges requiring dedicated governance frameworks
beyond technical considerations. Given the sensitivity of mental
health data, strict compliance with data protection regulations
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such as GDPR and HIPAA is essential [73]. Privacy-preserving
approaches (e.g., differential privacy, federated learning, and
secure multi-party computation) are essential when integrating
mental health and environmental exposure data [74]. Com-
bining data sets from environmental monitoring, healthcare
systems, and personal sensing technologies requires robust
anonymization and secure data infrastructures [75].

Bias and fairness represent additional ethical concerns. Al
models trained on unbalanced or incomplete data may reinforce
existing disparities in mental health outcomes [76, 77]. This risk
is particularly concerning given the strong links between pol-
lution exposure, socioeconomic disadvantage, and structural
inequality. Systematic bias assessment, algorithmic auditing,
and inclusive data collection can mitigate disproportionate
impacts on vulnerable populations [78].

Informed consent poses further challenges in Al-driven research,
particularly for longitudinal studies and adaptive models whose
objectives or parameters may evolve over time [79]. Dynamic
consent mechanisms that allow participants to update their pref-
erences can enhance transparency and trust, especially in
community-based environmental health research [80].

5 | Conclusion

Environmental pollution consistently harms mental health.
Among the 61 high-quality studies reviewed, PM, s and NO,
showed the strongest associations with depression, anxiety, and
suicide risk. Chemical and noise exposures also showed adverse
effects, though evidence remains more limited. Major limita-
tions constrain progress. Exposure assessment varies widely
across studies, longitudinal mental health data are scarce, and
most evidence comes from Asia, Europe, and North America.
Ethical challenges related to data privacy, algorithmic bias, and
informed consent require rigorous governance frameworks.
Future work should prioritize longitudinal studies with stan-
dardized exposure metrics, expand geographic coverage
through international collaboration, and develop AI methods
with attention to transparency and clinical utility.
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Appendix A

Study quality assessment framework

Each paper was evaluated against the following criteria using a stan-
dardized assessment framework. For primary empirical studies, the five
dimensions below were assessed (Table Al). For systematic reviews and
meta-analyses, adapted criteria were applied (see Table A2).

Papers scoring below 7 points were excluded to maintain high-quality
standards across the review. This quality assessment framework en-
sured that only methodologically sound and clinically relevant studies
were included in our review, maintaining high standards across all
analyzed papers.
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