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PAPER

Big Data Analytics Reveals Pyrethrins’ Breast Cancer 
Risks: A Deep Learning-Enhanced Study Combining 
Mendelian Randomization and Molecular Dynamics

ABSTRACT
Pyrethrins (PYs), widely used insecticides, raise concerns about chronic carcinogenicity. 
To address limited mechanistic evidence for PY-associated breast cancer (BC) risk, we inte-
grated multi-omics data via a computational framework combining network toxicology, 
Mendelian randomization (MR), deep learning-enhanced screening, molecular docking, and 
dynamics simulations. Computational screening identified 16 high-affinity targets with bind-
ing energies < −7.5 kcal/mol, indicative of stable interactions. Molecular dynamics simulations 
further validated the structural stability of PY-target complexes. MM/PBSA analyses confirmed 
that both PY I and II exhibit thermodynamically spontaneous interactions with diverse tar-
gets, demonstrating binding free energies ranging from −9.53 to −27.37 kcal/mol. Complex 
interactions among targets were constructed. Gene Ontology and Kyoto Encyclopedia of 
Genes and Genomes enrichment analyses revealed significant associations between these 
targets and BC pathways. Our findings indicate that PYs may promote breast carcinogenesis 
by disrupting oncogenic signaling networks, justifying prioritized regulatory reassessment 
and biomonitoring. Nevertheless, further validation through in vivo and in vitro experiments 
remains imperative.

KEYWORDS
big data, deep learning, pyrethrin (PY), breast cancer (BC), network toxicology, Mendelian 
randomization (MR), molecular docking, molecular dynamics simulations

1	 INTRODUCTION

Pyrethrins (PYs), derived from Tanacetum cinerariifolium, are primarily composed 
of Pyrethrin I (PY I) and II (PY II). These compounds have been utilized for over a 
century in pest management due to their potent bioactivity and rapid degradation 
kinetics [1]. In agricultural practices, these compounds are extensively employed to 
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control arthropod pests in crop production systems, formulate pet hygiene products, 
and mitigate the transmission of vector-borne diseases.

Research has explored the mechanisms through which pyrethroids, such as perme-
thrin and cypermethrin, increase the risk of breast cancer (BC) by interacting with hor-
mone receptors and cellular pathways [2]. Exposure to pyrethroids can lead to changes 
in thyroid hormone levels, which are dose-dependent and can affect growth and devel-
opment, including breast development [3]. In contrast to organophosphate pesticides, 
such as chlorpyrifos, which are associated with an increased risk of BC [4], evidence 
for PYs remains inconclusive. Notably, mechanistic toxicology studies identify PYs as 
endocrine-disrupting chemicals that may affect reproductive and metabolic functions 
by interfering with hormonal regulation [5]. However, a comprehensive understanding 
of the causal link between PY exposure and BC risk, the identification of novel molecu-
lar targets beyond canonical endocrine pathways, and the biophysical validation of PY 
interactions with BC-relevant proteins remain significant knowledge gaps. These gaps 
stem from limitations inherent in single-method approaches: epidemiological studies 
struggle with confounding and establishing causality for specific mechanisms; isolated 
in vitro or computational studies lack population-level genetic support and rigorous 
dynamic validation. Therefore, to address these interconnected gaps and systemati-
cally evaluate the potential impact of PYs on BC risk, this study employs an integrative 
analytical framework combining network toxicology, Mendelian randomization (MR) 
for causal inference, deep learning for broad target prediction, molecular docking for 
affinity screening, and molecular dynamics (MD) simulations with binding free energy 
calculations for structural and energetic validation. This multi-omics big data integra-
tion overcomes the limitations of individual methods, providing cross-scale evidence 
to predict PYs’ breast carcinogenicity while addressing mechanistic uncertainties in 
risk assessments, supporting evidence-based policies with scientific rigor.

2	 MATERIALS AND METHODS

2.1	 Targets collection

The targets of PY I and II were primarily retrieved from the ChEMBL database. 
Additionally, the canonical chemical structures of PY I and II were submitted to 
SwissTargetPrediction for computational target prediction to augment the dataset. 
Potential BC-related targets were systematically collated from the GeneCards, OMIM, 
PharmGKB, and Therapeutic Target databases. Concurrently, we downloaded the 
GSE42568 and GSE15852 datasets from the GEO database.

2.2	 Identification of overlapping targets

Intersection analysis was performed between the targets of PY I and II and 
BC-associated targets curated from public databases, with common targets identified 
and visualized via venn diagrams generated in R Studio. The resultant overlapping 
targets were postulated as potential targets through which PY I and II, respectively, 
may contribute to BC pathogenesis.

2.3	 Deep learning predicts PYs binding to shared BC targets

DeepPurpose [6], a deep learning-based framework, employs an encoder-decoder 
architecture to predict drug-target interactions (DTI). We employed its MPNN-CNN 
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architecture, where MPNN processes compound SMILES strings to capture graph-based 
molecular features, while 1D-CNN extracts local residue motifs from protein sequences. 
The concatenated embeddings were fed into a 3-layer MLP (512→256→1 neurons) to 
predict binding affinities, which quantify the interaction strength between the drug 
and target. The model dynamically adapts to regression tasks or classification tasks 
(binary binding prediction) based on the input data characteristics. The SMILES nota-
tions of PY I and II were retrieved from PubChem, and their corresponding amino acid 
sequences of overlapping BC target proteins were obtained from the PDB database. 
Using the pre-trained DeepPurpose framework (model_MPNN_CNN_DAVIS) without 
modification, as documented in the library (https://github.com/kexinhuang12345/
DeepPurpose), binding affinity scores between PY I and II and their respective overlap-
ping targets were calculated and ranked in descending order based on prediction con-
fidence. The DeepPurpose framework was selected due to its rigorously benchmarked 
performance against state-of-the-art DTI methods (e.g., KronRLS, DeepDTA) in its orig-
inal publication. As our study utilizes its pre-trained model for inference—not propos-
ing a new algorithm—benchmarking was deemed redundant given the exhaustive 
validation in its source work. Instead, we prioritized orthogonal validation via molec-
ular docking, MD simulations, and MR to ensure prediction reliability.

2.4	 MR-based causal inference for BC target identification

This study applied two-sample MR under core assumptions, using standardized 
protocols. Instrumental variables (IVs) were selected from GWAS summary data with 
rigorous quality controls. Blood pQTL (plasma protein quantitative trait loci) data from 
FinnGen [7] included Olink (619 samples, 2,925 proteins) and SomaScan platforms 
(828 samples, 7,596 proteins). BC datasets (FinnGen code: DF12) were also retrieved, 
comprising 5 distinct outcome definitions: carcinoma in situ of breast, intraductal 
carcinoma in situ, lobular carcinoma in situ, ER-negative BC, and ER-positive BC. 
TSMR analyses paired BC outcomes with Olink and SomaScan pQTL data. IVs (F > 10, 
r² < 0.001, p < 5 × 10−6) were selected from exposure GWAS. Exposure-outcome SNP 
data (β, SE, alleles) were harmonized, resolving strand/palindromic conflicts. Causal 
effects were estimated via IVW (primary method), supplemented by MR-Egger and 
weighted median models. The IVW method achieves unbiased estimation by inte-
grating the effect ratios of individual SNPs, expressed as formula (1).
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�2 denotes the inverse variance of the SNP-outcome association.
Furthermore, we assessed the heterogeneity of IVs using Cochran’s Q test, exam-

ined horizontal pleiotropy through the intercept term of MR-Egger regression, 
detected and removed outlier SNPs via the MR-PRESSO method, and validated the 
influence of individual SNPs on overall effects by leave-one-out analysis.

2.5	 Molecular docking screening for high-affinity PY targets in BC

BC-associated protein targets (DeepPurpose score >7 or MR-linked) underwent 
molecular docking with PYs I/II. Ligand structures were sourced from PubChem; 
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proteins were obtained via RCSB PDB or AlphaFold predictions. Dockey [8] facil-
itated batch docking: ligands/receptors were preprocessed (removing solvents/
cofactors), grids were generated via AutoGrid, and binding energies were calcu-
lated using AutoDock4. Each docking produced 100 conformations, with the lowest- 
energy results selected.

2.6	 MD simulations

To further validate the binding stability of PYs with BC targets and elucidate their 
interaction mechanisms, MD simulations were performed on protein targets corre-
sponding to genes with docking binding energies < −7.5 kcal/mol. The initial struc-
tures of the complexes were derived from the optimal docking poses obtained in the 
previous step. Simulations were conducted using GROMACS 2025.0. Partial atomic 
charges of PYs were calculated via Multiwfn [9] and ORCA [10], with their topology 
files generated by SobTop [11]. Protein topology files and positional restraint files 
were prepared using GROMACS tools. Each protein-PY complex was centered in a 
dodecahedron box with a 1.0 Å buffer distance. The system was solvated with the SPC 
water molecular model and neutralized by adding Na+ and Cl− ions. Energy minimi-
zation was performed using the steepest descent method (10,000 steps) followed by 
conjugate gradient optimization (10,000 steps). The system underwent two sequen-
tial equilibration phases: 100 ps constant Number, Volume, Temperature (NVT) 
ensemble and 100 ps constant Number, Pressure, Temperature (NPT) ensemble.  
The temperature (310 K) and pressure (1 bar) were set. MD simulations were then 
executed for 100 ns. Trajectory analyses included root mean square fluctuation 
(RMSF), root mean square deviation (RMSD), radius of gyration (Rg), intramolecular 
hydrogen bonding, and free energy landscape profiling.

2.7	 Calculation of binding free energy

The binding free energy was calculated using the Molecular Mechanics/Poisson-
Boltzmann Surface Area (MM/PBSA) method [12]. The core formula is defined 
as (2)–(4).

	 DGbind = DEMM + DGsolv - TDS	 (2)

	 DEMM = DEvdw + DEelec	 (3)

	 DGsolv = DGPB + DGSA	 (4)

where: DEMM is the gas-phase molecular mechanical energy, DGsolv is the solva-
tion free energy, −TΔS represents the entropic contribution, DEvdw denotes the van 
der Waals interaction energy, ΔEelec is the electrostatic interaction energy, DGPB is the 
polar solvation energy, and DGSA is the nonpolar solvation energy. However, in prac-
tical MM/PBSA calculations, the entropic contribution is omitted due to minimal con-
formational changes between the bound and unbound states of the receptor-ligand 
complex and the significant computational errors associated with entropy estima-
tion [13]. This study calculated the binding free energy during the stable 60–100 ns 
phase of the MD simulations using the gmx_MMPBSA tool [14].
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2.8	 Construction of protein-protein interaction (PPI) networks

Core targets of PY I/II with binding energy < −5 kcal/mol were analyzed via 
STRING (Homo sapiens; medium confidence = 0.400; disconnected nodes excluded). 
PPI network TSV files were evaluated in Cytoscape 3.10.1, where cytoNCA calculated 
degree/betweenness centrality. MCODE identified protein clusters using optimized 
parameters (degree cutoff = 2, node score = 0.2, k-core = 2).

2.9	 Analysis of gene function and pathway enrichment

GO and KEGG enrichment analyses of PY I/II core targets in BC were performed. 
Gene identifiers were standardized (org.Hs.eg.db) with significance thresholds 
(p < 0.05, FDR q < 0.05). Redundant GO terms were filtered via semantic similar-
ity reduction. Integrated with MD simulations and literature, GO analysis cov-
ered Biological Process, Molecular Function, and Cellular Component categories, 
assessed via hypergeometric testing. KEGG prioritized BC-related pathways linked 
to MD-simulated targets, ranked by gene count.

3	 RESULTS

3.1	 Shared targets of PYs and BC in public databases

After merging and deduplicating the targets of PY I and II, 558 and 489 potential 
targets were identified, respectively. BC-related targets were merged and dedu-
plicated, yielding a total of 16,076 targets. We performed differential expression 
analysis on two gene expression datasets (GSE42568 and GSE15852) and com-
piled the top 500 upregulated and 500 downregulated genes into potential BC tar-
get sets (Figure S1a–S1b). Intersection analysis (Figure S1c–S1h) revealed 491 and 
447 common targets between PY I and II and the general BC database, respectively. 
Additionally, PY I and II exhibited 25 and 38 overlapping genes with GSE42568 and 
47 and 51 overlapping genes with GSE15852, respectively.

3.2	 Preliminary Screening with DeepPurpose

Using these UniProt IDs of intersection genes, protein sequences were acquired 
from the RCSB Protein Data Bank. Both the protein sequence information and the 
SMILES notations of PY I and II were subsequently input into the DeepPurpose 
model for binding affinity prediction, with results presented as numerical scores 
(Tables S1 and S2). In the model_MPNN_CNN_DAVIS framework, the output scores 
directly reflect predicted binding affinity strength, where higher values indicate 
stronger compound-target interactions. The DTI scores between PY I and the inter-
secting targets ranged from 5.145 to 8.993, while those between PY II and the targets 
spanned 4.557 to 8.337 (Figure 1). Subplots (a), (b), and (c) depict binding affinity 
predictions for PY I against intersecting targets derived from the generic public 
databases GSE42568 and GSE15852, respectively. Subplots (d), (e), and (f) illustrate 
analogous predictions for PY II against intersecting targets from the same three data-
sets. Compounds with scores exceeding 7 (totaling 269) were selected for subsequent 
molecular docking to refine candidate prioritization.

https://online-journals.org/index.php/i-joe
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Fig. 1. Bubble plot of DeepPurpose-predicted binding affinity scores between PY I and II and intersecting targets

3.3	 Identification of BC-associated targets via MR

From the GWAS data of pQTLs, we yielded 69288 SomaScan-derived and 
27146 Olink-derived SNPs as IVs for pQTL analysis (Tables S3 and S4). TSMR anal-
yses were conducted between these protein exposures and various BC subtypes, 
retaining exposures with consistent effect directions across five MR methods 
(Figure S2a–S2e). The IVW method served as primary evidence with selection 
thresholds set at p < 0.05 and FDR < 0.5, while preserving exposures with horizon-
tal pleiotropy p > 0.05. In SomaScan data, we identified NCR3 (OR = 0.9314, 95% 
CI: 0.9006 - 0.9632, p = 3.301 × 10-5) as protective against ER-negative BC and FBXO3 
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(OR = 0.9400, 95% CI: 0.9097 - 0.9713, p = 2.134 × 10-4) as protective for ER-positive 
BC, while RNF146 (OR = 1.0793, 95% CI: 1.0362 - 1.1241, p = 2.385 × 10-4) and EZH2 
(OR = 1.0769, 95% CI: 1.0388 - 1.1163, p = 5.411 × 10-5) emerged as risk factors for 
ER-positive BC. From Olink platform data, TEK (OR = 0.9382, 95% CI: 0.9082 - 0.9692, 
p = 1.183 × 10-4) showed protective effects against ER-positive BC. Notably, neither 
platform’s pQTL exposures demonstrated significant causal relationships with other 
BC subtypes in our MR analyses.

Methodological evaluations confirmed the robustness of IVs across analyti-
cal parameters. Heterogeneity analyses indicated consistency across IVs (p-values 
of Cochran’s Q test are > 0.05). Pleiotropy assessments through intercept-based 
(MR-Egger intercept test) and outlier-adjusted (MR-PRESSO global tests) approaches 
revealed no detectable horizontal bias (all pleiotropy p > 0.05). Corresponding SNP 
effect forest plots for these five genes are shown in Figure S2f–S2j. Sensitivity eval-
uations employing sequential variant exclusion (leave-one-out analyses) confirmed 
stable causal estimates unaffected by individual IVs, reinforcing the reliability of 
observed associations (Figure S2k–S2o). Comprehensive quality control metrics are 
documented in Tables S5–S7.

3.4	 Virtual screening using molecular docking

Molecular docking identified high-affinity BC targets for PY I/II, using a binding 
energy threshold of < −5 kcal/mol. PY I bound 148 targets, and PY II 67 (Table S8). 
Strong binding (≤ −7.5 kcal/mol) prompted visualization of docking conformations, 
revealing hydrogen bonds, hydrophobic contacts, and electrostatic interactions. 
PY, I exhibited binding energies of 8.42 kcal/mol with MAOB (1OJA), 9.13 kcal/mol 
with TEK (2OO8), 7.55 kcal/mol with NCR3 (3NOI), 8.77 kcal/mol with EZH2 (4MI5), 
7.60 kcal/mol with TNKS2 (5BXO), 8.24 kcal/mol with TOP2A (5NNE), 8.97 kcal/
mol with RPS6KB1 (5WBH), 7.80 kcal/mol with MT-CO1 (5Z62), and 7.61 kcal/
mol with SCN7A (7TJ9) (Figure 2a–2i). PY II demonstrated binding energies of 
9.21 kcal/mol with TEK (2OO8), 8.96 kcal/mol with CAMK2G (2V7O), 10.54 kcal/
mol with NCR3 (3NOI), 11.61 kcal/mol with TNKS2 (5BXO), 7.66 kcal/mol with SOS1 
(5OVE), 9.25 kcal/mol with CSNK2A1 (7A4Q), and 9.09 kcal/mol with PPARG (8KFC) 
(Figure 2j–2p).

Fig. 2. (Continued)
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Fig. 2. Molecular docking results of PY I and II with BC targets

3.5	 MD simulations and binding stability analyses

The MD simulation analyses encompassed four key metrics: RMSD, RMSF, Rg, and 
hydrogen bond interactions, as illustrated in Figure 3. Panels (a)–(i) show PY I com-
plexes with MAOB (1OJA), TEK (2OO8), NCR3 (3NOI), EZH2 (4MI5), TNKS2 (5BXO), 
TOP2A (5NNE), RPS6KB1 (5WBH), MT-CO1 (5Z62), and SCN7A (7TJ9), analyzing 
RMSD, RMSF, Rg, and hydrogen bond dynamics. Panels (j)–(p) detail PY II bound to 
TEK (2OO8), CAMK2G (2V7O), NCR3 (3NOI), TNKS2 (5BXO), SOS1 (5OVE), CSNK2A1 
(7A4Q), and PPARG (8KFC), with corresponding trajectory profiles. MD simulation 
results revealed that all investigated systems exhibited satisfactory structural stabil-
ity and dynamic evolution characteristics during the equilibration phase. Analysis of 
RMSD demonstrated that most ligand-target complexes displayed characteristic con-
formational adjustments in the initial simulation phase (0–20 ns), followed by entry 
into a stable fluctuation regime. Notably, the majority of systems attained thermody-
namic equilibrium states after 40 ns. Notably, complexes with MAOB, TEK, MT-CO1, 
SCN7A, SOS1, CSNK2A1, and PPARG exhibited rapid RMSD convergence, suggesting 
stable binding modes with minimal backbone rearrangements. In contrast, the PY 
I-NCR3 complex experienced pronounced conformational fluctuations between 
0–50 ns, which progressively stabilized and reached equilibrium after 60 ns.

The RMSF profile exhibited a characteristic biphasic distribution pattern, reflect-
ing the displacement magnitude of atoms or residues relative to their average posi-
tions during the simulation. Elevated RMSF values (> 0.2 nm) were indicative of 
highly flexible or disordered regions, including loop structures, terminal residues, 
and unfolded segments. These dynamic domains likely participate in conforma-
tional rearrangements during complex formation and may contribute to functional 
regulation following ligand binding, as evidenced by their enhanced structural 
adaptability. The Rg trajectories demonstrated stable fluctuations throughout most 
of the simulation period, indicating maintained structural integrity of the complexes. 
For the TNKS2 and RPS6KB1 complexes with PY I, the Rg values exhibited a reduc-
tion compared to initial values, likely reflecting PY I-induced protein compaction 
phenomena.

In analyses of hydrogen-bonding patterns, the NCR3-PY I complex initially dis-
played no detectable hydrogen bonds but subsequently developed close molec-
ular contacts (< 0.35 nm) and established hydrogen bonds following stabilization 
of the RMSD profile, corroborating the attainment of a stable state in the final sys-
tem. Contrastingly, the MT-CO1-PY I complex exhibited transient hydrogen bond 
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disappearance during intermediate stages, potentially attributable to solvent 
molecule intercalation at the ligand-receptor interface. This phenomenon suggests 
a possible solvent-mediated bridging mechanism supplanting direct intermolecular 
interactions. The SOS1-PY II complex demonstrated limited hydrogen bond forma-
tion, implying that the primary driving force for their association likely originates 
from alternative non-hydrogen bonding intermolecular forces, potentially including 
hydrophobic interactions or van der Waals forces. We constructed the Gibbs free 
energy landscape to characterize conformational states of the biomolecular system. 
From Figure S3, we can intuitively find that in our study, all complexes have a stable 
lowest-energy conformation state.

Fig. 3. MD simulation results

https://online-journals.org/index.php/i-joe
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3.6	 Assessment of average binding free energy

The binding free energies of PY I and II complexes with various target proteins were 
computationally evaluated using the MM/PBSA method (refer to Table 1). All complexes 
exhibited negative total binding free energies, indicating thermodynamically sponta-
neous binding processes. Notably, PY I demonstrated superior binding affinity with 
RPS6KB1, TOP2A, and TNKS2, while PY II showed preferential binding to CSNK2A1. 
Energy decomposition analysis revealed gas-phase contributions as the primary binding 
driver, ranging from −41.94 to −234.45 kcal/mol. Electrostatic interactions dominated in 
most of the complexes. The exceptional DEelec value of −214.72 kcal/mol observed in the 
PY I-TOP2A complex likely correlates with the high density of charged residues within 
its binding pocket. Van der Waals interactions displayed moderate contributions, sug-
gesting consistent hydrophobic complementarity across binding interfaces. Solvation 
effects exerted destabilizing influences, with polar solvation energy accounting for 
91.5%–98.6% of this penalty. The PY II-TEK complex exhibited particularly high DGPB, 
significantly counteracting its favorable gas-phase binding. Nonpolar solvation con-
tributions remained minimal, showing positive correlation with ligand hydrophobic 
surface area exposure. Structural analogs displayed marked binding selectivity differ-
ences: PY I demonstrated 84.7% higher affinity for TNKS2 compared to PY II, while PY II 
showed 36.9% enhanced binding to TEK relative to PY I. These findings suggest distinct 
electronic and steric complementarity between homologs and respective targets, poten-
tially mediated by variations in binding pocket polarity and residue composition.

Table 1. Binding free energies calculated by the MM/PBSA method (kcal/mol)

Ligand-Targets ΔEvdw ΔEelec ΔGPB ΔGSA ΔEMM ΔGsolv ΔGbind

PY I-EZH2 −24.77 −134.52 145.54 −2.62 −159.29 142.92 −16.37
PY I-TEK −26.1 −109.35 130.12 −2.91 −135.45 127.21 −8.24
PY I-TOP2A −19.73 −214.72 213.88 −3.09 −234.45 210.79 −23.66
PY I-RPS6KB1 −31.49 −145.79 153.51 −3.59 −177.29 149.92 −27.37
PY I-MT-CO1 −28.44 −13.5 30.37 −2.81 −41.94 27.56 −14.38
PY I-SCN7A −34.3 −38.18 56.69 −3.35 −72.48 53.34 −19.14
PY I-TNKS2 −25.62 −111.37 117.71 −2.66 −136.98 115.05 −21.94
PY I-NCR3 −12.84 −76.52 76.51 −1.63 −89.36 74.88 −14.48
PY I-MAOB −39.55 −122.68 150.42 −3.85 −162.23 146.57 −15.66
PY II-TNKS2 −36.36 −83.97 111.7 −3.24 −120.34 108.46 −11.88
PY II-CAMK2G −40.32 −128.98 159.67 −3.7 −169.3 155.97 −13.34
PY II-NCR3 −41.05 −51.73 83.5 −3.36 −92.78 80.13 −12.65
PY II-CSNK2A1 −33.82 −79.07 93.4 −2.96 −112.88 90.45 −22.44
PY II-TEK −38.02 −185.2 216.12 −4.17 −223.22 211.95 −11.28
PY II-PPARG −25.13 −121.41 140.1 −3.09 −146.53 137.01 −9.53
PY II-SOS1 −15.33 −74.75 82.22 −2.09 −90.08 80.13 −9.95

3.7	 Target interaction network

In the constructed PY I-BC PPI network, we identified 137 nodes and 443 
edges (Figure 4a). CytoNCA analysis of core target proteins derived from MD sim-
ulations revealed the degree centrality values. MCODE plugin analysis further 
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identified functionally significant clusters (Figure 4b), among which the sodium 
channel-associated cluster (SCN7A, CACNA1C) exhibited the highest score. The cyto-
chrome P450/UGT family cluster (CYP2A1, UGT1A5) ranked second, followed by the 
adenylate cyclase-related cluster (ADCY1). Additional clusters included collagen- 
associated proteins (COL18A1), a cell cycle regulatory module (MDM2, TNKS, TOP2A, 
RNF146), and a mitochondrial respiratory cluster (MT-CO1). These findings suggest 
that PY I may influence BC pathogenesis through modulation of sodium/calcium ion 
transport, xenobiotic metabolism, cAMP-mediated signaling, extracellular matrix 
remodeling, cell cycle regulation, and mitochondrial respiration.

In contrast, the PY II-BC PPI network comprised 52 nodes and 317 edges 
(Figure 4e). CytoNCA analysis of MD simulation data highlighted key targets includ-
ing TNKS2, TEK, CSNK2A1, PPARG, BIRC2, and SOS1. MCODE clustering prioritized 
three functionally distinct modules (Figure 4f): a calcium channel-enriched cluster 
(CACNA1 family proteins), a ribosylation-associated cluster (TNKS2 interactors), and 
a cytokine/calcium signaling cluster (CAMK2G, JAK2). These results implicate PY II 
in calcium homeostasis regulation, post-translational modification processes, and 
cytokine-calcium signaling crosstalk during BC progression.

3.8	 GO and KEGG enrichment analysis

PY I targets yielded 758 significant GO entries (580 biological processes, 67 cellular 
components, and 111 molecular functions). Key cellular components included trans-
membrane transporter complexes, synaptic membranes, and plasma membrane 
rafts. Molecular functions involved ion channel activity, kinase activities (serine/
threonine/tyrosine), and glycosyltransferase activity. Biological processes spanned 
xenobiotic response, MAPK/TOR/ERK/Wnt signaling, immune activation, and 
vascular regulation (see Figure 4d). KEGG analysis identified 92 pathways, with pri-
oritized BC-relevant pathways: calcium/MAPK signaling, cytochrome P450-mediated 
metabolism, Rap1/estrogen signaling, chemical carcinogenesis (receptor activation/
DNA adducts), and apoptosis (see Figure 4c).

PY II analysis identified 465 biological processes (BPs), 55 cellular components 
(CCs), and 63 molecular functions (MFs). Key CCs included transporter complexes, 
membrane rafts, postsynaptic membranes, and nuclear envelopes. MFs involved 
G protein-coupled receptor activity, ion channel function, kinase activities (tyrosine/
serine-threonine), and NAD+ ADP-ribosyltransferase activity. Targeted BPs encom-
passed hypoxia response, MAPK/Wnt signaling, kinase regulation, inflammation, 
and hormone secretion (see Figure 4h). KEGG analysis highlighted BC-relevant 
pathways: MAPK, GnRH, HIF-1, Wnt, NF-κB, and proteoglycan-mediated oncogen-
esis, linking PY II to apoptosis-efferocytosis imbalance and cancer progression via 
proteoglycan dysregulation (see Figure 4g).

Fig. 4. (Continued)
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Fig. 4. PPI network diagram and GO/KEGG enrichment analysis plots

4	 DISCUSSION

Our in silico analyses demonstrated that PY I and II share multiple overlapping 
molecular targets with breast carcinogenesis pathways, with molecular docking and 
MD simulations revealing exhibited robust binding affinities. Notably, key targets 
identified by MR as causally linked to BC risk subtypes, specifically NCR3 (ER-), TEK 
(ER+), and EZH2 (ER+), also demonstrated high-affinity binding to PY I and/or PY 
II in molecular docking (≤ −7.5 kcal/mol). This convergence of causal genetic evi-
dence and computational biophysical evidence strengthens the biological relevance 
of these interactions in the context of PY-associated BC risk. In summary, PY I exhib-
ited high-affinity binding interactions with key molecular targets: MAOB, TEK, NCR3, 
EZH2, TNKS2, TOP2A, RPS6KB1, MT-CO1, and SCN7A. At the same time, PY II demon-
strated strong binding interactions with distinct targets, including TEK, CAMK2G, 
NCR3, TNKS2, SOS1, CSNK2A1, and PPARG. These findings collectively suggest that 
PYs may possess intrinsic carcinogenic potential associated with BC development.

Elevated monoamine oxidase B (MAOB) expression correlates with estrogen 
receptor (ER)-negative BC, particularly in triple-negative BC (TNBC). Estrogen-related 
receptors (ERRs) transcriptionally activate MAOB, while ER suppresses this regula-
tion via receptor crosstalk. Stromal MAOB expression associates with poor meta-
static outcomes, potentially serving as a therapeutic target or prognostic marker. 
Hypoxic bone metastasis microenvironments upregulate MAOB through HIF- 
1α-mediated Sp1/Sp3 transcription factor competition at its promoter. Stromal MAOB 
may drive metastasis via metabolic reprogramming and tumor microenvironment 
remodeling [15]. PY I could promote BC progression by activating oncogenic path-
ways through MAOB.

The TEK (TIE2) receptor, central to Angiopoietin signaling, critically regulates BC 
pathogenesis. PYs I/II showed strong TEK binding in our analyses. TEK promotes 
metastasis via angiogenesis and cancer cell invasiveness. While TEK overexpres-
sion correlates with ER+/PR+ tumors [16], Finngen MR data revealed TEK variants 
inversely linked to BC risk. Clinically, elevated plasma Tie2 levels predicted better neo-
adjuvant therapy outcomes (bevacizumab/chemotherapy), with high pre-treatment 
sTIE2 indicating enhanced efficacy [17]. We propose sTIE2 acts as a decoy receptor 
by sequestering Ang-1/Ang-2, reducing ligand bioavailability. This suppresses endo-
thelial TIE2 signaling, enhances vascular stability, and inhibits metastasis. However, 
molecular modeling suggests PYs bind sTIE2, blocking its ligand-scavenging func-
tion. This may restore Angiopoietin signaling, exacerbating angiogenesis and tumor 
spread—paradoxically converting sTIE2’s protective role into pro-metastatic activity 
under PY exposure.
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NCR3 (NKp30) and TNKS2 emerge as high-affinity targets for PYs I/II. NCR3 mod-
ulates NK cell activity via splice variants: activating isoforms (NKp30a/b) enhance 
tumor lysis, while inhibitory NKp30c suppresses immunity [18]. Our MR analysis 
identified NCR3 as protective in ER-negative BC, suggesting its role in NK-mediated 
tumor suppression. PY binding may favor inhibitory isoform dominance, potentially 
subverting immune surveillance. TNKS2, upregulated in TNBC, destabilizes β-catenin 
degradation by degrading AXIN, boosting β-catenin stability and oncogenic Wnt sig-
naling linked to tumor aggression [19]. PYs show high-affinity TNKS2 binding, poten-
tially exacerbating Wnt pathway activation to promote BC progression.

EZH2, an epigenetic driver in aggressive BC subtypes (HER2+, basal-like, TNBC), 
correlates with tumor invasiveness and poor prognosis. As PRC2’s catalytic subunit, 
it silences tumor suppressors via H3K27me3-mediated repression and drives ther-
apy resistance through ER-Wnt crosstalk [20]. MR analyses identify EZH2 as a genetic 
risk factor in ER+ BC. TOP2A, upregulated in BC (see Figure S1a), encodes a chemo-
therapy target (e.g., doxorubicin), yet its overexpression induces anthracycline resis-
tance via target saturation [21]. PY I may block TOP2A’s catalytic sites, worsening 
drug resistance. SOX4 activates CSNK2A1 to enhance TOP2A-driven BC progression, 
with PY II potentially amplifying oncogenic effects through this axis [22].

RPS6KB1 encodes S6K1, a key PI3K/AKT/mTOR pathway effector hyperactivated 
in BC via PI3K/PTEN mutations. S6K1 drives tumor progression by (1) enhancing 
pro-proliferative mRNA translation, (2) suppressing apoptosis, and (3) phosphorylat-
ing ERα to sustain endocrine therapy resistance under low-estrogen conditions [23]. 
MT-CO1, encoding mitochondrial Complex IV’s catalytic subunit, shows recurrent 
mutations in BC linked to electron transport chain dysfunction. These mutations 
reduce ATP synthesis while elevating ROS production, creating a pro-metastatic 
microenvironment through redox signaling [24]. Although SCN7A’s role remains 
unclear, its paralog SCN5A correlates with poor prognosis in ER-negative BC [25]. 
Our findings suggest PY I promotes BC pathogenesis via interactions with these tar-
gets through the described mechanisms.

In TNBC, CAMK2G activation via PEAK1 drives malignancy through reciprocal 
phosphorylation, reinforcing PEAK1/PEAK2 heterodimerization and STAT3 activa-
tion [26]. SOS1, a RAS-activating GEF, triggers MEK/ERK and PI3K/AKT pathways to 
promote BC proliferation and metastasis [27]. PY II binds both CAMK2G and SOS1, 
potentially activating these oncogenic pathways. PPARG exhibits dual roles: down-
regulation links to tumor progression, while ER-positive overexpression correlates 
with better outcomes [28]. PY II may disrupt PPARG’s tumor-suppressive transcrip-
tional regulation, exacerbating carcinogenesis, consistent with our differential gene 
analysis (Figure S1a).

While molecular docking quantifies binding affinity, it does not inherently spec-
ify functional consequences (e.g., activation vs. inhibition). Thus, docking energies 
< -7.5 kcal/mol indicate stable binding but do not demonstrate loss-of-function tox-
icity​. Interpretation of binding data in the context of MR results requires caution: 
high-affinity binding to MR-identified protective targets (e.g., NCR3, TEK) could dis-
rupt physiological function, but alternative outcomes (e.g., allosteric modulation, 
functional potentiation) remain plausible without experimental validation. While 
our multi-omics approach provides mechanistic hypotheses, future work should 
prioritize: (i) organoid models to test PY-induced TOP2A chemoresistance, (ii) xeno-
graft studies evaluating PY-driven metastasis via TEK/RPS6KB1, and (iii) population 
biomonitoring correlating PY metabolites with BC incidence.
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5	 CONCLUSION

This multi-omics computational study suggests that PYs exhibit high-affinity 
binding to key oncogenic targets (MAOB, TEK, NCR3, TNKS2, EZH2) and may disrupt 
critical pathways implicated in breast carcinogenesis (e.g., angiogenesis, immune 
evasion, and Wnt/β-catenin signaling). Our integrative in silico evidence positions PYs 
as a potential risk factor for BC, particularly in ER-negative and triple-negative sub-
types. However, these predictions require rigorous experimental validation in bio-
logical systems and epidemiological confirmation of exposure-disease associations. 
Regulatory agencies should consider prioritizing longitudinal biomonitoring stud-
ies to assess PY bioaccumulation and its population-level health impacts. This work 
establishes a framework for preemptive environmental toxicant risk assessment by 
multi-omics big data, emphasizing chemical carcinogenesis through multi-target 
network disruption. Future work must validate predicted targets in vivo and eluci-
date dose-response relationships to conclusively evaluate PYs’ carcinogenic hazard.
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