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Computational insights into
exploring the potential effects of
environmental contaminants on
human health

Fuyan Cao™*, Xinyue Zhao?*, Xueqi Fu%%3 & Yue Jin%:%3"

With rapid industrialization and urbanization, the increasing prevalence of air and water pollutants
poses a significant threat to public health. Traditional research methods, such as epidemiological
studies and in vitro/in vivo experiments, provide valuable biological insights but are often costly,
time-consuming, and limited in scale. To address this gap, this study develops a machine learning-
based approach to predict the carcinogenicity of pollutants. Using the dataset of carcinogenic and
non-carcinogenic molecules that we collected, the pretrained KPGT model trained with molecular
fingerprints and descriptors achieved an AUC of 0.83, surpassing traditional machine learning models.
To validate this model, common pollutants from air and water sources were analyzed. Further
clustering classified these pollutants into five distinct groups. Target prediction analysis identified key
genes associated with representative pollutant molecules, such as MAPK1, MTOR, and PTPN11. GO
and KEGG pathway analyses, along with survival analysis, revealed potential carcinogenic mechanisms
and prognostic implications. Our findings contribute to improved pollution risk assessment and
evidence-based environmental policy development, ultimately aiding in the mitigation of pollutant-
related health risks.
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Environmental pollution, driven primarily by human activities, has exceeded the environment’s self-purification
capacity, posing serious threats to public health. Pollutants can either degrade into harmless substances or
undergo chemical transformations that enhance their toxicity!. Globally, pollution is a major contributor
to morbidity and mortality, accounting for 24% of the total disease burden and 32% of deaths®*. The health
effects of pollutants range from acute conditions, such as respiratory irritation and allergic reactions, to chronic
diseases, including cardiovascular disorders and neurodegenerative conditions®®. These effects are mediated
through complex mechanisms, including oxidative stress, DNA damage, and inflammation. Numerous studies
have established strong links between exposure to certain pollutants such as asbestos, benzene, and heavy metals
and cancer development®®.

Cancer remains one of the most pressing global health challenges. By 2022, approximately 20 million new
cancer cases and 9.7 million cancer-related deaths were projected worldwide, with lung cancer being the most
commonly diagnosed and the leading cause of cancer-related mortality’. Lung adenocarcinoma (LUAD),
the predominant histological subtype, accounts for the majority of lung cancer cases!*'2. Air pollution has
been identified as a significant environmental factor in lung cancer pathogenesis, contributing to 7 million
deaths annually and affecting multiple organ systems, including the respiratory, cardiovascular, and nervous
systems!'*~17. Chronic exposure to airborne pollutants, such as fine particulate matter (PM2.5), volatile organic
compounds, and heavy metals, has been associated with increased lung cancer risk, likely through mechanisms
involving DNA damage, chronic inflammation, and epigenetic modifications!®!°.

Water pollution similarly presents a severe public health hazard. Industrial discharge, agricultural runoff, and
domestic wastewater introduce a wide array of contaminants into water bodies, including arsenic, chromium,
nickel, beryllium, aniline, benzo[a]pyrene, and other polycyclic aromatic hydrocarbons (PAHs)*. Prolonged
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exposure to these pollutants, either through direct consumption or bioaccumulation in the food chain, has been
linked to an elevated risk of digestive system cancers, particularly those affecting the esophagus and stomach?!-%3.
The mechanisms underlying water pollution-induced carcinogenesis are complex and involve oxidative stress,
genotoxicity, and endocrine disruption.

Understanding the link between environmental pollutants and cancer is crucial for developing effective
prevention and mitigation strategies®*?°. Traditional research approaches, such as mass spectrometry,
chromatography, cellular assays, and animal models, have provided valuable insights into pollutant toxicity?”?5.
However, these methods are often labor-intensive, time-consuming, and ethically challenging, particularly when
dealing with highly toxic substances. Additionally, their scalability is limited, making them less suitable for
large-scale systematic analysis. The emergence of bioinformatics and computational modeling has provided
new opportunities to study pollutant-induced carcinogenesis by integrating multi-omics data and leveraging
machine learning techniques®-*.

In this study, we developed a machine learning-based approach to predict the carcinogenicity of pollutants
and further investigated the potential biological mechanisms of these pollutants. We curated and processed
thousands of carcinogenic and non-carcinogenic molecules, applying clustering analysis to explore their structural
similarities. Molecules with significant structural differences were removed to refine the dataset, ensuring a
robust classification framework. Using molecular fingerprints and descriptors, we trained a knowledge-guided
pre-trained graph transformer (KPGT) model®!, achieving an AUC of 0.83, which outperformed conventional
machine learning models. Additionally, we collected common pollutants from two different sources air and water
to validate the model’s ability to predict carcinogenicity. Furthermore, we conducted clustering analysis, target
prediction, and survival analysis on these pollutants to gain deeper insights into their potential carcinogenic
effects. The workflow of our study is illustrated in Fig. 1.

By integrating pollutant datasets, molecular fingerprints, machine learning, GO and KEGG pathway analyses,
and survival analysis, this study proposes a comprehensive approach to evaluating the carcinogenic potential of
air and water pollutants. Our findings contribute to a more systematic and scalable risk assessment approach,
facilitating the identification of high-risk pollutants and their potential impact on human health. Furthermore,
this research provides scientific evidence to support evidence-based environmental policies, ultimately aiding
in the mitigation of pollution-related health risks and the development of targeted public health interventions.

Materials and methods
Data collection and standardization
Carcinogenic Molecule Collection: We directly retrieved carcinogenic molecules from the PubChem database
by accessing the CCRIS (Chemical Carcinogenesis Research Information System) database (https://www.n
Im.nih.gov/toxnet/Accessing CCRIS_Content_from_PubChem.html), a specialized resource for chemical
carcinogenesis research. These molecules were carefully collected and downloaded from the CCRIS database’2.
Data Cleaning and Preprocessing: For the collected carcinogenic molecules, we first removed duplicate
molecules to ensure data uniqueness. We then used PubChemPy**to retrieve typical SMILES strings**and InChl
strings® for the collected molecular names. Molecules that could not be converted to SMILES were discarded.
InChI strings were used as the standard for deduplication. Further cleaning steps included removing counter-
ions, solvent components, and salts, followed by the addition of hydrogen atoms and standardization. Ultimately,
5,041 unique compounds were obtained.
Non-Carcinogenic Molecule Collection: We retrieved 3,187 non-carcinogenic molecules from the PubChem
database. After applying the same cleaning procedure, 3,184 non-carcinogenic compounds were included in the
final dataset.

Collection of pollutant molecules in air and water

Environmental pollutants were curated from publicly available databases, with 1,225 air pollutants retrieved
from the EPA CompTox Chemistry Dashboard (https://www.epa.gov/environmental-topics/air-topics)* and
T3DB (http://www.t3db.ca)®’, while 827 water pollutants (reported between 2020 and 2023) were obtained
from the Toxic Release Inventory (TRI) database (https://www.epa.gov/toxics-release-inventory-tri-program)*.
Following the same rigorous data cleaning and preprocessing steps as applied to carcinogenic molecules, the
final dataset comprised 218 unique air pollutants and 139 unique water pollutants. These pollutants were used to
evaluate the model’s ability to predict the behavior of unknown pollutants.

Molecular features of the dataset

The RDKit cheminformatics library*®was used to parse the SMILES strings of each molecule, converting
them into molecular objects for further analysis. Molecular descriptors were then computed using RDKit’s
Descriptors’® and MoleculeDescriptors modules, including Molecular Weight (MolWt), Topological Polar
Surface Area (TPSA), Number of Hydrogen Bond Donors (NumHDonors), Number of Hydrogen Bond
Acceptors (NumHAcceptors), LogP (MolLogP), and Molecular Refractivity (MoIMR). To ensure consistency
across the dataset, all descriptors were standardized using the StandardScope tool.

Cluster analysis of carcinogenic and pollutant molecules

To investigate structural similarities among carcinogenic molecules, air pollutants, and water pollutants, we
performed clustering analysis by first extracting SMILES strings from the original dataset and converting them
into molecular objects using RDKit (https://www.rdkit.org/). Each molecule was then encoded as a binary
fingerprint vector using Morgan fingerprint vectors (length =2,048), enabling 3D molecular manipulation from
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Fig. 1. Overview of the Research Workflow. An illustration of the complete research workflow, detailing each
step from data collection to final analysis.

2D representations and facilitating machine learning-based compound descriptor generation, fingerprinting,
and structural similarity calculations.

To visualize the high-dimensional fingerprint data of carcinogenic molecules, we applied the t-SNE algorithm,
a more efficient clustering technique compared to K-means. Molecules were clustered together if their pairwise
distance was less than 1/24 of the maximum pairwise distance in the dataset. Using Matplotlib 3.8.3 (https://
matplotlib.org/), we visualized the Clustered Chemical Space Network (CSN), where node radius represents
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the molecular distance threshold and edge thickness corresponds to Dice similarity between molecules. The
clustering code is available at https://github.com/heyigacu/DistanceClustering®!.

For air and water pollutant molecules, the t-SNE algorithm was similarly applied, reducing the
2,048-dimensional vectors to three dimensions with parameters set as dims=3, perplexity =40, and 6=0.0.
Hierarchical clustering was then performed on the t-SNE-transformed data using the ward.D2 method, where
Euclidean distances were computed to construct a hierarchical clustering tree, grouping molecules into four
clusters. Each molecule was assigned a cluster label accordingly.

For each cluster, we identified representative molecules by calculating the Tanimoto*?similarity matrix within
the cluster. Specifically, we computed pairwise similarities for all molecules within a cluster and determined
the average similarity for each molecule. The molecule with the highest average similarity was selected as
the representative of that cluster. To ensure uniqueness, only one representative molecule was identified for
each cluster. Finally, we visualized the t-SNE reduced three-dimensional data using the plotly package*’, with
clusters distinguished by different colors. Representative molecules were labeled as “REP” in the plot for easy
identification.

Machine-Learning model

The KPGT molecular pre-training framework>!integrates molecular fingerprints and descriptors as knowledge-
based priors, achieving superior molecular prediction performance across multiple public datasets. This
framework incorporates LiGhT (Line Graph Transformer)®, a high-capacity model specifically designed for
accurate molecular graph modeling. By leveraging molecular line graphs, LiGhT captures intricate structural
patterns and chemical relationships that conventional Transformer architectures often overlook. To further
enhance molecular representation learning, the model employs two positional encoding modules distance
encoding and path encoding within the multi-head attention mechanism, improving its ability to model
molecular structural information. Built upon a classical Transformer encoder, LiGhT consists of multiple
Transformer layers and utilizes a multi-layer perceptron (MLP) to generate both knowledge predictions and
masked node predictions. Detailed pre-training strategies and training protocols for KPGT are provided in
Supplementary Section S1.

Differential gene analysis

The differential gene expression data were obtained from the UCSC-TCGA database** (https://xena.ucsc.edu/,
accessed on 17 January 2024), focusing on RNA-seq gene expression datasets for lung adenocarcinoma (LUAD),
esophageal carcinoma (ESCA), and gastric adenocarcinoma (STAD). The dataset includes RNA-seq count
matrices, sample sizes, and clinical data, ensuring robust and accurate analysis.

To identify differentially expressed genes (DEGs), we applied three widely used statistical methods edgeR,
DESeq2, and limma which are well-established for RNA-seq data analysis and known for their reliability in
detecting significant gene expression changes. These methods allowed us to systematically identify significantly
regulated genes across the studied cancer types, providing crucial insights into pollutant-induced oncogenesis.

Target gene prediction for carcinogenicity assessment

Potential target genes associated with lung adenocarcinoma (LUAD), esophageal carcinoma (ESCA), and
gastric adenocarcinoma (STAD) were initially screened using DisGeNET* (https://www.disgenet.org/, accessed
on 20 January 2024), GeneCards? (https://www.genecards.org/, accessed on 20 January 2024), PharmGKB*
(https://www.pharmgkb.org/, accessed on 20 January 2024), and OMIM*® (https://www.omim.org/, accessed on
20 January 2024). To refine the target predictions, we further analyzed active components and disease-related
target genes using Super-Pred®® (https://prediction.charite.de/, accessed on 20 January 2024), SEA (Similarity
Ensemble Approach)® (http://sea.bkslab.org/, accessed on 20 January 2024), and Swiss-Target-Prediction®!
(http://swisstargetprediction.ch/, accessed on 20 January 2024). These databases enabled a comprehensive
assessment of potential pollutant-associated molecular targets, facilitating the investigation of their roles in
carcinogenesis.

Protein—Protein interaction network

The protein-protein interaction (PPI) network was constructed using the STRING database®? (http://string-db.

org/, accessed on 25 January 2024) to evaluate physical and functional interactions among selected target genes.

This network provided insights into the molecular relationships underlying pollutant-associated carcinogenesis.
For further analysis, Cytoscape software®® (version 3.9.1; https://cytoscape.org/, accessed on 25 January 2024)

was used to assess the topological properties of the network and identify key regulatory nodes. Based on network

analysis metrics, the top 10 central genes were selected as potential oncogenic targets for further investigation.

Gene ontology and Kyoto encyclopedia of genes and genomes enrichment analysis

Toidentifykeybiological processes and pathways associated with pollutant-induced carcinogenesis, we conducted
Gene Ontology (GO)**and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses®>~’ using
R-based bioinformatics tools. GO analysis provided insights into biological processes, molecular functions, and
cellular components, while KEGG analysis identified key signaling pathways relevant to pollutant-associated
cancer mechanisms. The results were statistically filtered and visualized using bar plots and bubble charts to

highlight the most significant pathways.
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Fig. 2. Clustering Analysis of Molecules. (A) Cluster map of carcinogenic molecules. (B) Air pollutant
clustering results, color-coded with representative molecules. (C) Water pollutant clusters and representative
molecules.

Category | Numb Repr ative molecular name | Smiles Structure
1 26 acetaldehyde CC=0 \f

2 32 anthracene C1=CC=C2C=C3C=CC=CC3=CC2=C1 )@@
3 34 ethylidene chloride c(cancl ﬁ

4 78 uranium carbide C.[U] X °
5 48 o-toluidine CC1=CC=CC=CIN @i

Table 1. Cluster analysis results for air pollutant molecules.

Gene expression level analysis
We utilized GEPIA2%® (http://gepia2.cancer-pku.cn/) to perform survival analysis on the identified hub genes.
GEPIA?2 leverages data from TCGA and GTEx, offering rapid and customizable analysis functionalities. This
platform was employed to assess the expression levels of the top 10 hub genes within the protein-protein
interaction network across tumor and normal samples, and to conduct survival analysis, determining the
survival contribution of these target genes.

For lung adenocarcinoma (LUAD), esophageal carcinoma (ESCA), and gastric carcinoma (STAD), we
selected genes linked to air pollutants for box plots, survival analysis, and mapping. Similarly, for ESCA and
STAD, genes associated with water pollutants were analyzed to evaluate their impact on patient survival.

Results and discussion

Analysis of carcinogenic molecule clustering

Carcinogenic molecules were first collected from public databases and subjected to preprocessing, including
de-duplication and SMILES standardization, yielding 5,041 unique compounds. To refine the dataset, clustering
analysis was conducted using the t-SNE algorithm and Chemical Space Network (CSN) visualization (Fig. 2A).
Molecules were grouped into 14 clusters based on structural similarity, with light blue edges indicating
relationships above a predefined threshold. Molecules with significant structural differences were excluded,
resulting in a curated subset of 3,028 carcinogenic molecules.

These refined molecules served as the positive dataset for training the pre-trained KPGT machine
learning model, with non-carcinogenic molecules forming the negative dataset. The clustering step ensured
that structurally coherent molecules were retained, enhancing the model’s learning efficiency and predictive
accuracy. For model validation and generalization, the dataset was randomly partitioned into training and test
sets at an 8:2 ratio.

Clustering analysis of air and water pollutants

Air pollutant molecules were clustered into five distinct categories (Fig. 2B; Table 1), containing 26, 32, 34,
78, and 48 molecules, respectively. The representative molecules identified for each cluster were acetaldehyde,
anthracene, ethylidene chloride, uranium carbide, and o-toluidine. Similarly, five clusters were identified
for water pollutants (Fig. 2C; Table 2), containing 33, 37, 14, 33, and 22 molecules, with the representative
molecules being formaldehyde, o-toluidine, anthracene, ethylidene chloride, and methyl tert-butyl ether. These
representative molecules were subsequently used for target gene prediction and enrichment analyses, providing
a foundation for exploring pollutant-induced carcinogenic mechanisms.
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Table 2. Cluster analysis results for water pollutant molecules.
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Fig. 3. Machine learning. (A) Confusion Matrix. (B) After training for 50 epochs, the AUC and Accuracy of
KPGT.

Model AUC |SE |SP

SVM 0.81 |0.60 |0.76
RF 0.80 |0.57 | 0.76
XGBoost | 0.80 | 0.65 | 0.76
KPGT 0.83 |0.63 | 0.81

Table 3. Model comparison.

Machine-Learning model performance

To assess the predictive capacity of the KPGT model, we trained the preprocessed positive and negative
datasets, leveraging molecular fingerprints and descriptors for enhanced prediction accuracy. Air and water
pollutant molecules served as an external validation set, allowing evaluation of the model’s ability to predict
the carcinogenicity of unseen compounds (Fig. 3A). After 50 epochs of training, the KPGT model achieved
an AUC of 0.83 (Fig. 3B), with an accuracy of 0.74, a balanced accuracy (BA) of 0.73, and an F1 score of 0.66.
Furthermore, the model was compared with SVM, RE, and XGBoost models with similar functionality (Table 3),
demonstrating its effectiveness in predicting the carcinogenicity of pollutant molecules.

Differential gene expression analysis

Differential gene expression analysis using edgeR, DESeq2, and limma on the UCSC-TCGA database
revealed significant transcriptional changes associated with pollutant exposure. A total of 11,231 genes were
upregulated and 10,109 were downregulated in esophageal cancer (Fig. 4A), while 14,219 upregulated and 9,561
downregulated genes were identified in gastric cancer (Fig. 4B). In lung adenocarcinoma, 9,338 genes exhibited
upregulation, whereas 5,349 were downregulated (Fig. 5). These findings established a comprehensive gene
expression landscape, forming the foundation for target gene identification and functional enrichment analysis,
further elucidating the molecular mechanisms underlying pollutant-induced carcinogenesis.
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Fig. 4. Differential gene analysis of esophageal cancer and gastric cancer genes in the UCSC-TCGA
database was performed using edgeR, Deseq2, and limma methods. Three differential analysis methods for
analyzing upregulation and downregulation genes in Venn plots. Use volcano plots to display the upregulation
and downregulation genes of three different differential analyses (the blue dots represent downregulated genes,

while the red dots represent upregulated genes). (A) Water Pollutants-Esophageal Cancer System; (B) Water
Contaminants-Gastric Cancer System.
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Fig. 5. Differential gene analysis of lung adenocarcinoma genes in the UCSC-TCGA database was
performed using edgeR, Deseq2, and limma methods. Three differential analysis methods for analyzing
upregulation and downregulation genes in Venn plots. Volcano plots displaying upregulated (red dots) and
downregulated genes (blue dots) for each differential analysis method.

Prediction of Pollutant-Associated target genes and PPl network construction

To identify potential pollutant-associated target genes, we screened DisGeNET, GeneCards, PharmGKB,
and OMIM databases for lung adenocarcinoma, esophageal cancer, and gastric cancer. In DisGeNET, we
identified 380, 130, and 254 potential target genes for lung adenocarcinoma, esophageal cancer, and gastric
cancer, respectively (score >0.1). In GeneCards, 3,053, 1,721, and 2,067 target genes were identified (score > 10),
while in PharmGKB, 100, 14, and 54 genes were associated with these cancers (score>100). In OMIM, we
identified 14, 5, and 11 genes with relevant associations. After removing duplicates across the four databases, we
obtained 6,052 unique target genes for lung adenocarcinoma, 1,770 for esophageal cancer, and 2,119 for gastric
cancer. By intersecting these with differentially expressed genes, we refined the dataset to 5,435 genes for lung
adenocarcinoma, 1,509 for esophageal cancer, and 1,789 for gastric cancer (Fig. 6).

Identifying pollutant-specific gene targets involved applying Super-Pred, SEA, and Swiss-Target-Prediction
to predict molecular interactions based on the active components of acetaldehyde, anthracene, ethylidene
chloride, uranium carbide, o-toluidine, formaldehyde, and methyl tert-butyl ether. The number of overlapping
genes identified between pollutants and cancer types varied, with lung adenocarcinoma showing 58 genes for
acetaldehyde, 74 for anthracene, 89 for ethylidene chloride, 70 for uranium carbide, and 66 for o-toluidine.
For esophageal cancer, the respective counts were 33 for formaldehyde, 28 for o-toluidine, 36 for anthracene,
46 for ethylidene chloride, and 49 for methyl tert-butyl ether, while in gastric cancer, 37 genes were linked to
formaldehyde, 32 to o-toluidine, 40 to anthracene, 49 to ethylidene chloride, and 43 to methyl tert-butyl ether.
The Venn diagram and PPI network (Fig. 7), constructed using STRING and Cytoscape, revealed key molecular
interactions, highlighting potential mechanisms of pollutant-induced carcinogenesis.

Identification of key hub genes in pollutant-associated carcinogenesis

To pinpoint key molecular drivers of pollutant-related tumorigenesis, hub genes were identified using CytoHubba
with the Maximum Clique Centrality (MCC) algorithm. The top 10 hub genes were selected for each pollutant,
providing insights into their potential roles in tumor progression, invasion, and drug resistance (Fig. 8).
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Fig. 6. Venn diagrams showing the cross-genes shared between pollutants and cancer. (A) Acetaldehyde

and lung adenocarcinoma, (B) Anthracene and lung adenocarcinoma, (C) Ethylene dichloride and lung
adenocarcinoma, (D) Uranium carbide and lung adenocarcinoma, (E) O-toluidine and lung adenocarcinoma,
(F) Formaldehyde and esophageal cancer, (G) O-toluidine and esophageal cancer, (H) Anthracene and
esophageal cancer, (I) Ethylidene and esophageal cancer, (J) Methyl tert-butyl ether and esophageal cancer, (K)
Formaldehyde and gastric cancer, (L) O-toluidine and gastric cancer, (M) Anthracene and gastric cancer, (N)
Ethylidene and gastric cancer, (O) Methyl tert-butyl ether and gastric cancer.
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Fig. 7. PPI network analysis. (A) Acetaldehyde and lung adenocarcinoma, (B) Anthracene and lung
adenocarcinoma, (C) Ethylene dichloride and lung adenocarcinoma, (D) Uranium carbide and lung
adenocarcinoma, (E) O-toluidine and lung adenocarcinoma, (F) Formaldehyde and esophageal cancer, (G)
O-toluidine and esophageal cancer, (H) Anthracene and esophageal cancer, (I) Ethylidene and esophageal
cancer, (J) Methyl tert-butyl ether and esophageal cancer, (K) Formaldehyde and gastric cancer, (L)
O-toluidine and gastric cancer, (M) Anthracene and gastric cancer, (N) Ethylidene and gastric cancer, (O)
Methyl tert-butyl ether and gastric cancer.
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Fig. 8. Protein interactions related to the carcinogenic activity. (A) Core targets of acetaldehyde and lung
adenocarcinoma, (B) Core targets of anthracene and lung adenocarcinoma, (C) Core targets of ethylidene
chloride and lung adenocarcinoma, (D) Core targets of uranium carbide and lung adenocarcinoma, (E) Core
targets of o-Toluidine and lung adenocarcinoma, (F) Core targets of formaldehyde and esophageal cancer, (G)
Core targets of o-toluidine and esophageal cancer, (H) Core targets of anthracene and esophageal cancer, (I)
Core targets of ethylidene and esophageal cancer, (J) Core targets of methyl tert-butyl ether and esophageal
cancer, (K) Core targets of formaldehyde and gastric cancer, (L) Core targets of o-toluidine and gastric cancer,
(M) Core targets of anthracene and gastric cancer, (N) Core targets of ethylidene and gastric cancer, (O) Core
targets of methyl tert-butyl ether and gastric cancer. These interactions indicate links between central targets
associated with lung adenocarcinoma caused by air pollutants and central targets associated with esophageal
and gastric cancers caused by water pollutants.
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GO and KEGG enrichment analysis

GO and KEGG enrichment analyses were conducted to explore the biological processes and pathways associated
with pollutant-induced carcinogenesis, particularly in lung adenocarcinoma and air pollutants, as well as
esophageal and gastric cancers with water pollutants. The results, visualized through bubble plots and histograms
(Figures S1-S15), demonstrated strong associations between pollutant exposure and critical cellular functions.

GO analysis revealed that environmental pollutants influence key biological processes related to cancer
progression. Among air pollutants, anthracene and uranium carbide were linked to the cellular response to
peptides, while acetaldehyde, anthracene, and o-toluidine were involved in protein autophosphorylation.
Additionally, acetaldehyde, uranium carbide, and o-toluidine were associated with peptidyl-serine
phosphorylation, and acetaldehyde and ethylidene chloride were implicated in cell chemotaxis. Several
pollutants, including anthracene and uranium carbide, were also involved in oxidative stress response, a critical
factor in carcinogenesis. At the cellular component level, acetaldehyde and ethylidene chloride were enriched
on the external side of the plasma membrane, while anthracene and o-toluidine were linked to membrane
microdomains. Furthermore, anthracene, ethylidene chloride, and o-toluidine were enriched in the cytoplasmic
vesicle lumen and secretory granule lumen, suggesting their involvement in intracellular signaling and transport.
At the molecular function level, acetaldehyde, anthracene, ethylidene chloride, uranium carbide, and o-toluidine
were associated with protein kinase activity, particularly protein serine/threonine kinase activity. Acetaldehyde
and o-toluidine were also linked to p53 binding, highlighting their role in tumor suppression and genomic
stability regulation. Additionally, anthracene and uranium carbide were enriched in histone deacetylase activity,
suggesting their influence on epigenetic modifications, which are critical in cancer development and progression.

These pollutants also demonstrated significant enrichment in key cancer-related pathways. Air pollutants
such as acetaldehyde, anthracene, ethylidene chloride, uranium carbide, and o-toluidine were linked to lipid
and atherosclerosis-related pathways, including fluid shear stress and atherosclerosis, which are associated with
chronic inflammation and tumor progression. They were also involved in pathways related to prostate cancer, the
chemokine signaling pathway, and progesterone-mediated oocyte maturation, indicating endocrine-disrupting
potential. Furthermore, acetaldehyde, anthracene, ethylidene chloride, and o-toluidine were strongly associated
with PD-L1/PD-1 checkpoint regulation in cancer, suggesting that these pollutants may contribute to immune
evasion in tumor cells.

For esophageal cancer, GO analysis of water pollutants indicated that formaldehyde and ethylidene chloride
were involved in the cellular response to chemical stress and blood coagulation, while formaldehyde and
anthracene were linked to the regulation of blood coagulation. At the cellular component level, formaldehyde and
ethylidene chloride were enriched in the ficolin-1-rich granule and secretory granule lumen, while ethylidene
chloride and methyl tert-butyl ether were associated with the cytoplasmic vesicle lumen and vesicle lumen. At
the molecular function level, formaldehyde, o-toluidine, ethylidene chloride, and methyl tert-butyl ether were
linked to p53 binding, supporting their role in DNA damage response and tumor suppression. Additionally,
formaldehyde and ethylidene chloride were related to protein serine/threonine kinase activity, while o-toluidine
and anthracene were associated with DNA-binding transcription factor activity and exopeptidase activity.

These pollutants were further enriched in key oncogenic pathways. KEGG pathway analysis (Figures S6-
S10) revealed that formaldehyde, o-toluidine, anthracene, ethylidene chloride, and methyl tert-butyl ether
were significantly associated with pathways related to prostate cancer and microRNAs in cancer, suggesting
their involvement in gene regulation and tumor progression. They were also linked to the PD-L1/PD-1
checkpoint pathway, the HIF-1 signaling pathway, and the sphingolipid signaling pathway, implicating them
in hypoxia response and lipid metabolism, both of which are crucial in tumor microenvironment regulation.
O-toluidine, anthracene, ethylidene chloride, and methyl tert-butyl ether were further associated with central
carbon metabolism in cancer, indicating their potential role in metabolic reprogramming, a hallmark of cancer
progression.

For gastric cancer, GO analysis revealed that formaldehyde and anthracene were involved in the cellular
response to peptides, while o-toluidine and ethylidene chloride were associated with oxidative stress response.
Additionally, anthracene and ethylidene chloride were implicated in the response to reactive oxygen species,
suggesting their role in oxidative DNA damage and tumorigenesis. Ethylidene chloride and methyl tert-butyl
ether were associated with blood coagulation and regulation of body fluid levels, processes that may contribute
to cancer metastasis. At the cellular component level, formaldehyde, ethylidene chloride, and methyl tert-butyl
ether were linked to the ficolin-1-rich granule, while ethylidene chloride and methyl tert-butyl ether were also
enriched in the cytoplasmic vesicle lumen and vacuolar lumen. At the molecular function level, formaldehyde,
o-toluidine, ethylidene chloride, and methyl tert-butyl ether were linked to protein serine kinase activity and
p53 binding, further supporting their role in tumorigenesis. O-toluidine and methyl tert-butyl ether were
also associated with DNA-binding transcription factor binding, RNA polymerase II-specific DNA-binding
transcription factor binding, and transmembrane receptor protein kinase activity, indicating their potential
regulatory effects on gene expression and signal transduction.

KEGG pathway analysis (Figures S11-S15) showed that formaldehyde, o-toluidine, anthracene, ethylidene
chloride, and methyl tert-butyl ether were significantly associated with microRNAs in cancer, prostate cancer, and
the HIF-1 signaling pathway. Additionally, these pollutants were linked to PD-L1/PD-1 checkpoint regulation,
further suggesting their role in modulating immune responses in the tumor microenvironment. These findings
highlight the intricate interactions between environmental pollutants and key oncogenic pathways, underscoring
their potential role in cancer initiation and progression.

Survival analysis and clinical relevance of pollutant-associated genes
To assess the clinical significance of pollutant-associated genes, survival analysis was performed using Hazard
Ratio (HR) values and Kaplan-Meier (K-M) survival curves. Genes with p <0.05 were considered significantly
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Fig. 9. Pollutants Represent Box Plots and Survival Analysis of Genes. Box plots and survival analysis of genes
in molecules strongly associated with poor cancer prognosis: GSK3p, MME, PDGFRB, SERPINE1, NOS3,
PDGFRA, and AR.

associated with poor prognosis. Kaplan-Meier (K-M) survival curves were constructed to compare high- and
low-expression groups.

As shown in Figures S16 and Fig. 9A, high expression of GSK3p (linked to acetaldehyde) was significantly

associated with poor prognosis in lung adenocarcinoma. Similarly, MME (associated with o-toluidine) correlated
with poor survival outcomes in esophageal cancer (Fig. 9B). In gastric cancer, PDGFRB and SERPINE1 were
identified as potential prognostic markers (Fig. 9C and D). Further analysis revealed strong associations between
PDGEFRB, SERPINE], and PDGFRA (o-toluidine), as well as AR (ethylidene chloride and methyl tert-butyl
ether) with poor prognosis in gastric cancer (Fig. 9E and G).
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Conclusions

This study presents a comprehensive computational framework for assessing the carcinogenic potential of air
and water pollutants by integrating pollutant datasets, molecular fingerprints, machine learning, functional
enrichment analyses, and survival analysis. The pre-trained KPGT model, trained using molecular fingerprints
and descriptors, demonstrated high predictive performance, achieving an AUC of 0.83, outperforming
traditional machine learning models.

Our findings underscore the complex biological interactions of pollutant molecules, implicating key oncogenic
genes such as MAPK1, MTOR, and PTPNI1 in pollutant-associated carcinogenesis. Functional enrichment
analyses further identified critical pathways, including oxidative stress response, immune checkpoint regulation
(PD-L1/PD-1), and metabolic reprogramming, revealing potential mechanisms through which pollutants
contribute to cancer development and progression. Survival analysis highlighted the prognostic significance of
pollutant-associated genes, emphasizing their potential as biomarkers for cancer risk assessment.

By offering a systematic and high-throughput approach to evaluating environmental carcinogenicity, this
study provides a valuable tool for pollution risk assessment and precision environmental health research. These
insights contribute to a deeper understanding of pollutant-driven oncogenesis, supporting the development of
evidence-based policies aimed at mitigating pollutant-related health risks.

Data availability

These datasets are from CCRIS database (https://pubchem.ncbi.nlm.nih.gov/bioassay/1259411) , EPA CompTox
Chemistry Dashboard (https://echo.epa.gov/trends/loading-tool) , T3DB (http://www.t3db.ca/) , TRI database
(https://www.epa.gov/toxics-release-inventory-tri-program) . The datasets and code used in the present study
are available from the corresponding authors on reasonable request.
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