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Abstract: Air pollution remains a major global challenge to public health. Harmful atmospheric
components such as particulate matter, nitrogen oxides, and Sulphur oxides, when present in high
concentrations, contribute significantly to health risks. Depending on their type and size, these pollutants
can increase the likelihood of respiratory and cardiovascular problems, often aggravating existing
conditions and raising mortality rates. Fine particles are particularly dangerous because they can cross the
blood-brain barrier and interfere with the central nervous system. Research evidence suggests that such
exposure can alter brain structures, leading to reduced white matter, neuronal damage, and potentially
accelerating the development of neurodegenerative diseases like Alzheimer’s and Parkinson’s. Beyond
these physical effects, air pollution has also been linked to psychological issues, including depression,
mood disorders, and suicidal behavior. While various social and medical factors influence mental health,
it is increasingly clear that environmental factors play a crucial role as well. This paper examines
experimental, clinical, and epidemiological findings to explore the connection between air pollution
exposure and the risk of depressive disorders and suicide, with the aim of clarifying their association.
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Introduction

Declining air quality has emerged as one of the most pressing environmental challenges worldwide. The
atmosphere often contains excessive levels of pollutants such as carbon oxides (CO, CO,), nitrogen oxides
(NOy), Sulphur oxides (SO,, SOs), fluorine, ozone (0s), hydrocarbons, phenols, and particulate matter (PM).
Depending on particle size, PM is categorized into PMyo, PM,.5, and ultrafine particles smaller than 0.1
um. Exposure to such pollutants has been strongly associated with adverse health outcomes, particularly
increased incidence and mortality from respiratory and cardiovascular illnesses [1]. Reports from the
European Environment Agency highlight the severity of this issue, estimating that air pollution contributes
to approximately 467,000 premature deaths annually across Europe. In Poland alone, fine particulate
matter (PM2.5) is responsible for more than 48,000 early deaths each year, primarily linked to respiratory
and cardiovascular complications [2].

Emerging evidence indicates that harmful air pollutants may not only damage the lungs and heart but can
also reach multiple organs, including the brain, by crossing the blood—brain barrier. This has raised
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growing interest in understanding their impact on the nervous system and mental health [3].
Epidemiological findings suggest a connection between poor air quality and psychiatric disorders such as
depression, neurodegenerative diseases, and even suicidal behaviour. Although several social, medical,
and lifestyle-related factors contribute to suicide risk—including alcohol misuse, social isolation, and
stressful life events—mental illness remains the leading cause. Around 60—-80% of individuals who die by
suicide are affected by depression, and approximately 15% of patients with severe depressive episodes
eventually take their own lives [4].

While meteorological conditions such as temperature, humidity, and atmospheric pressure have already
been proven to influence mental well-being, the specific role of air pollution in this context remains less
understood [ 5]. This article seeks to address this gap by discussing how air pollution affects the nervous
system and by reviewing experimental, clinical, and epidemiological evidence on its relationship with
depression and suicide. Beyond exploring these links, the study also aims to emphasize the importance of
preventive strategies to mitigate the negative health consequences of poor air quality.

Related work

Air pollutants can impact the nervous system through several mechanisms. Experimental findings indicate
that fine particulate matter (PM2.5), along with adsorbed compounds, can induce neuronal apoptosis and
cell cycle arrest, which are linked to oxidative stress and genetic damage, ultimately contributing to
degenerative changes in the brain [6]. Additionally, certain smog constituents may trigger systemic
infections. The immune response generates cytokines that cross the blood—brain barrier via active
transport, promoting the migration of monocytes into the central nervous system [7]. Post-mortem brain
tissue analysis of individuals from highly polluted regions has revealed increased CD-68, CD-163, and HLA-
DR cells, heightened inflammatory markers such as IL-1B, endothelial activation, prefrontal cortex
damage, elevated AP42 protein levels, and compromised blood—brain barrier integrity [8].

The hippocampus is particularly vulnerable to inflammatory injury due to its high density of pro-
inflammatory cytokine receptors, including IL-1B, IL-6, and TNF-a [9, 10]. In the context of affective and
cognitive disorders, attention has increasingly shifted toward systemic inflammation as a central
etiological factor [10]. Moreover, exposure to ozone and particulate matter has been shown to disrupt
cerebrovascular function by altering gene expression in key Vaso reactive pathways, correlating with
elevated stroke prevalence in polluted populations [11], [12].

Air pollution is also associated with neurodegenerative outcomes. Studies suggest that polluted
environments contribute to reduced white matter volume in older adults and act as a risk factor for
Alzheimer’s disease, which accounts for 60—-80% of dementia cases [13], [14]. Alzheimer’s pathology
involves amyloid plaque deposition, and animal studies show that exposure to polluted environments
accelerates amyloid formation, oxidative stress, and DNA damage in the olfactory bulb, frontal cortex, and
hippocampus [15]. Heavy metals such as nickel and vanadium, transported via the nasal pathway, may
further damage the olfactory tract and predispose individuals to Parkinson’s and Alzheimer’s disease [16].
Furthermore, combined exposure to PM2.5, SO2, and NO2 has been shown to impair apoptotic gene
regulation (p53, Bax, and bcl-2), resulting in neuropathic changes, memory deficits, and disorientation
[17]. These findings underscore the complexity of air pollution’s neurological effects, necessitating clinical
and epidemiological studies to complement experimental evidence.
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Air Pollution and Depression

Depression affects over 350 million people globally, representing nearly 6% of the population [18]. It is a
leading cause of reduced quality of life [19], heightened cardiovascular morbidity [20], and increased
suicide rates. While multiple environmental contributors exist, air pollution has emerged as a significant
factor. Notably, indoor pollutants also elevate depressive symptoms in sensitive populations [21], [22].
Mechanistically, particulate matter can reach the brain through both the bloodstream [23] and the
olfactory pathway [24]. This has been confirmed by detecting particles in olfactory neurons and
intracellular erythrocytes of the frontal lobe [15]. Due to their small size, particles can penetrate the lungs,
traverse the blood—brain barrier, and reach neuronal tissue [25]. Once deposited, they stimulate immune
responses, inducing pro-inflammatory cytokines such as IL-1f3, TNF-a, and IFN-y [26].

Animal models demonstrate that PM2.5 exposure alters hippocampal neuronal morphology, leading to
inflammatory changes, behavioural disturbances, and impaired cognition [27]. Epidemiological studies
support these findings. For instance, Kim et al. found that every 10 pg/m?3 increase in PM2.5 significantly
raises the risk of depressive episodes, particularly in individuals with chronic illnesses [28]. Similarly,
elevated PM10, NO2, and O3 concentrations are linked to depressive symptoms in older adults, especially
emotional disturbances [29]. The pathogenesis appears to involve oxidative stress and systemic
inflammation, which also contribute to vascular damage and neurodegeneration [30], [31].

Nitrogen dioxide (NO2) and nitrogen oxides (NOx) are also associated with depression risk [27, 29, 32].
However, results vary across regions; a European cohort study reported positive correlations in the
Netherlands but negative associations in Norway [35]. Sulphur dioxide (S02) similarly exhibits harmful
psychological effects. Lin et al. observed that women exposed to elevated NO2, PM10, and SO2 during
pregnancy experienced higher depressive episode risks, particularly under stress [36].

Table 1. General characteristics of studies concerning relationship between depression and air
pollution

E Poll
Author Study Design xposure oflutant Main Outcome
Assessment Type
. Polycyclic aromatic Mixed ngh .prenatal e).(posure.
Perera et al. Prospective . positively associated with
hydrocarbons (organic .
(2006) [38] cohort study anxious/depressed symptoms
(PAH) compounds) .
and attention problems.
Long-term exposure to
Fonken et al. Experimental , particulate air pollution alters
Particulat tt PM .
(2011) [27] study articufate matter affective responses and
impairs cognition.
Lim etal. (2012)  Cross-sectional P‘I\/Il‘O, nitrogen Increases in PM10, N02,' and
30] stud dioxide (NO2), PM + Gases 03 may elevate depressive
y ozone (03) symptoms among the elderly.
Nano-sized Prenatal exposure to nPM

Davis et al. (2013) Experimental

[37] study particulate matter (ultrafine) increased depression-like

(nPM) responses.

SGS Engineering & Sciences, VOL. 1 NO .4 (2025): LGPR
https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Author Study Design Exposure Pollutant Main Outcome
Assessment Type
Cho et al. (2014) Time-stratified Sulphur dioxide PM + Gases SO2, PM10, NO2, and CO
[22] case-crossover  (SO2), PM10, significantly increased the risk
study nitrogen dioxide of ED visits for depressive
(NO2), carbon episodes, especially among
monoxide (CO) individuals with CVD, diabetes,
or asthma.
Wang et al. (2014) Prospective PM2.5, sulfates, PM No evidence of a positive
[39] cohort study black carbon, association between
ultrafine particles depressive symptoms and
mean pollutant levels in the
preceding 2 weeks.
Mokoena et al. Experimental Ozone Gaseous Ozone inhalation induces
(2015) [34] study memory impairment, anxiety,
and depression-like effects.
Zijlema et al. Cross-sectional ~ PM10, nitrogen PM + Gases Heterogeneous results of
(2016) [35] cohort study dioxide (NO2) associations of air pollutants
and depressed mood.
Szyszkowicz et al. Case-crossover  PM2.5, nitrogen PM + Gases Positive association between
(2016) [32] study dioxide (NO2), . .
sulphur dioxide e?<;?osure to air ppllut|on and
(502) visits for depression.
Kioumourtzoglou Prospective Ozone, PM2.5, PM + Gases Long-term exposure to ozone
etal. (2017) [33] cohort study PM10 and PM2.5 associated with
depression onset, stronger
among individuals using
antidepressants.
Linetal. (2017)  Cross-sectional  Sulphur dioxide PM + Gases Dose-dependent association
[36] study (502), particulate between air pollution and
matter emotional stress during
pregnancy.
Tallon et al. (2017) Observational, PM2.5 PM Positive association between

[28]

longitudinal,

population-based

study

long-term ambient PM2.5
levels and erectile
dysfunction, depression, and
stress.

Method, Experiments and Results
Air pollution data for this study were obtained from the Indian Open Government Data (OGD) platform

(www.data.gov.in) and regional air-pollution-monitoring stations. These stations, operated under

national monitoring frameworks, provided continuous and automated measurements of key ambient

pollutants. Stations categorized as background or traffic-specific were excluded to reduce potential biases

in exposure estimates.
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In this work, seven machine learning algorithms were applied to develop both regression and classification
models. The techniques included k-Nearest Neighbors (KNN) [40], Classification and Regression Trees
(CART) [41 2], Random Forest (RF) [42], Gradient Boosted Decision Trees (GBDT) [43], CatBoost [44],
eXtreme Gradient Boosting (XGBoost) [45], and the Whale Optimization Algorithm (WOA) [46]. All
experiments were executed in a Python environment (version 3.9.12) with Spyder (version 5.4.3) as the
development interface. Core computational libraries such as pandas (v1.4.2), NumPy (v1.22.3), scikit-learn
(v0.0), CatBoost (v1.0.6), and XGBoost (v1.6.1) were employed for model construction and evaluation.

A total of 20 experimental trials were conducted using a diverse set of optimization techniques with the
dual objectives of (1) assessing convergence efficiency and (2) evaluating the statistical significance of the
respective optimizers. For benchmarking purposes, the exhaustive feature set was excluded from the
evaluation since it functioned solely as a baseline reference. Interestingly, all alternative feature subsets
outperformed the complete feature set, thereby indicating that more optimal and generalizable solutions
were achievable.

The k-Nearest Neighbors (KNN) classifier was iteratively optimized, and experimental findings revealed
that setting k = 5 consistently produced the most reliable classification performance across the datasets
considered, in line with prior evidence reported by Chuang [40]. To quantify model effectiveness, standard
evaluation metrics—namely accuracy, recall, precision, and the Fl-score—were employed, with their
mathematical formulations explicitly defined to ensure reproducibility of the evaluation protocol.

In predictive modeling for cognitive impairment, relying solely on accuracy as a performance metric can
be misleading. Although accuracy may appear high, its interpretability is limited when dealing with
imbalanced datasets, where the proportion of affected individuals is relatively small compared to healthy
controls. Under such conditions, a classifier may achieve high accuracy while still failing to correctly
identify a substantial number of true impairment cases.

Recall plays a critical role in this context, as it measures the model’s ability to detect many positive cases.
A high recall ensures that most individuals at risk of cognitive impairment are flagged for further
evaluation. However, recall must be considered alongside precision, which reflects the reliability of
positive predictions by quantifying the proportion of true cases among those identified as positive. A
model with high recall but low precision could generate excessive false positives, thereby reducing clinical
utility.

To address this trade-off, the Fl1-score serves as a harmonized metric that integrates both recall and
precision, offering a balanced view of the model’s effectiveness. Additionally, sensitivity and specificity
provide further insights into classification performance: sensitivity reflects the true positive detection
rate, while specificity quantifies the ability to correctly identify negative cases. Collectively, these
measures provide a more comprehensive framework for evaluating cognitive impairment prediction
models than accuracy alone.

The performance metrics are mathematically expressed as:
(TP + TN)

Accuracy = (TP + FP + TN + FN) ;
TP
Recall = TP+ FN) :
o TP
Precision = TP+ FP) 5
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(Precision * Recall)

F1 —Score = 2 * (4)

(Precision + Recall)

TN

Specificity = TN+ FP)

(5)

where TPTPTP denotes true positives, TN true negatives, FP false positives, and FN false negatives.

The present investigation utilized six distinct machine learning algorithms—namely, k-nearest neighbours
(KNN), Random Forest (RF), Gradient-Boosted Decision Trees (GBDT), Logistic Regression (LR), Cat Boost,
and eXtreme Gradient Boosting (XGBoost)—to develop predictive models for dementia. To evaluate
model performance, receiver operating characteristic (ROC) curves were generated, revealing accuracy
scores ranging from 0.61 to 0.75 (Fig. 1), which indicate modest predictive capacity. Feature importance
was further analysed using the XGBoost model. Attributes derived from clinical questionnaires were
highlighted in black, while environmental air pollution indicators were represented in red. Among the
predictors, the most influential features were found to be age, household income, and ozone (Os)
exposure.

Receiver Operating Characteristic (ROC) Curve

0.8

True Positive Rate
o
(=)}

o
S

— KNN (AUC = 0.61)
— RF (AUC = 0.67)
GBDT (AUC = 0.71)
—— CatBoost (AUC = 0.73)
—— XGBoost (AUC = 0.74)
— SVM (AUC = 0.74)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.2

0.0

Figure 1. The ROC curves for various machine learning models applied to cognitive impairment prediction

Table 2. Applying machine learning models to predict cognitive impairment results

Criteria KNN RF XGBoost GBDT CatBoost WOAXGBoost
Accuracy 0.92 0.90 0.92 0.93 0.93 0.93
Recall (Sensitivity) 0.51 0.53 0.53 0.52 0.52 0.56
Precision 0.55 0.54 0.61 0.75 0.64 0.64
F1-Score 0.51 0.53 0.53 0.52 0.52 0.54
Specificity 0.99 0.96 0.99 1.00 0.99 0.99

A comparative evaluation of the six algorithms is provided in Table 2. Notably, the hybrid WOA-XGBoost
model—which integrates feature selection via the Whale Optimization Algorithm (WOA) with
classification through XGBoost—yielded superior results. The final selected features included Age,
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smoking experience (SMK_EXPERIENCE), spousal habits (SPO_HABIT), incense burning practices
(INCENSE_CURR), household income (INCOME_FAMILY), and air pollutants such as nitrogen dioxide (NO,),
nitrogen oxides (NO,), particulate matter (PM,.s and PMo).

This optimized model achieved robust performance metrics, with an ROC value of 0.74, Accuracy of 0.91,
Recall of 0.53, Precision of 0.64, F1-Score of 0.53, and Specificity of 0.99, thereby demonstrating its
capacity to balance sensitivity with reliability in dementia risk prediction.

After employing the Synthetic Minority Oversampling Technique (SMOTE), the performance of all six
machine learning models improved noticeably, is provided in Table 3. The oversampling process balanced
the dataset, thereby enhancing the detection of minority class instances and strengthening the overall
predictive capability of the models. The results demonstrated notable gains across Accuracy, Recall,
Precision, F1-Score, and Specificity, which confirmed that SMOTE effectively addressed class imbalance
issues. Among the models, the hybrid WOAXGBoost approach showed the strongest performance,
achieving consistently high scores across all evaluation metrics. The most influential predictors identified
by WOAXGBoost included Age, SMK_EXPERIENCE, SMK_2ND, SPO_HABIT, DRUG_USE, INCENSE_CURR,
INCOME_FAMILY, Os, NO3, and PM,.s.

Table 3. Enhancing Machine learning model performance in predicting cognitive impairment using SMOTE.

Criteria KNN RF XGBoost GBDT CatBoost WOAXGBoost
Accuracy 0.83 0.92 0.88 0.94 0.94 0.94
Recall (Sensitivity) 0.81 0.91 0.86 0.92 0.92 0.92
Precision 0.81 0.92 0.89 0.95 0.95 0.95
F1-Score 0.81 0.92 0.87 0.93 0.93 0.93
Specificity 0.87 0.96 0.95 0.99 0.99 0.99

Conclusions

In this research, data from various air quality monitoring stations were integrated to assess air pollution
exposure and cognitive function, measured via MMSE, in 31,946 older adults. Machine learning analyses
revealed that exposure to air pollutants, particularly PM,.s and NO, was strongly associated with cognitive
decline and even dementia. Enforcing stricter environmental regulations and minimizing pollutant
exposure could help enhance public health and lower dementia risk. Further research is warranted to
develop comprehensive guidelines in this domain.
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