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Advanced oxidation processes treatment and in aquatic environments remains a significant environmental challenge, as the predictive power of
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conventional quantitative structure-activity relationship (QSAR) models is limited by their reliance on simplified
molecular descriptors. To address this, ToxD4C, a novel multi-modal deep learning framework, was developed to
simultaneously classify and regress 31 toxicity endpoints, covering nuclear receptor and enzyme panels, stress
response assays, mutagenicity, carcinogenicity, cardiopulmonary toxicity, and various environmental toxicities
of concern for water quality management. ToxD4C uniquely integrates three-dimensional molecular geometries,
graph attention networks, and SE(3)-equivariant Transformer architectures, effectively capturing complex ste-
reochemical and electronic molecular features. In parallel, a pretrained Uni-Mol model was fine-tuned via
transfer learning on Density Functional Theory (DFT)-optimized structures, independently generating normal-
ized toxicity predictions with enhanced reliability and generalization. Both approaches outperformed traditional
descriptor-based models across validation tests. Feature-attribution analysis (SHAP) highlighted key physico-
chemical drivers of predicted toxicity, and receptor docking offered mechanistic context for selected recep-
tor-mediated endpoints. Applied to realistic UV/H202 advanced oxidation scenarios in a real water matrix, this
approach efficiently identified high-risk transformation products, and their predicted toxicity was further vali-
dated in vitro using JC-1 mitochondrial membrane potential, CCK-8 cell viability, and nuclear receptor/stress-
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response reporter assays. These tools are integrated within the open-source Tox-Agents platform, enabling rapid
and interpretable decision-making for water treatment and environmental risk assessment.

1. Introduction

Advanced Oxidation Processes (AOPs) are widely employed to
eliminate emerging organic contaminants from water systems; however,
incomplete mineralization often generates a spectrum of transformation
products (TPs) whose environmental risks remain largely uncharac-
terized (Castellano-Hinojosa et al., 2023; Ferrando-Climent et al., 2017).
Recent large-scale chemical release incidents highlight the urgent need
for rapid, mechanism-aware screening not only of parent chemicals but
also of TPs formed during emergency treatment and remediation (Zhang
et al., 2025). Unlike stable parent compounds, these TPs are formed
rapidly, often possess altered stereochemistry or functional group dis-
tributions that traditional monitoring overlooks, and lack commercially
available standards for experimental testing (Liu et al., 2021; Roy and
Mitra, 2012). A widening gap exists between chemical proliferation and
regulation: of the 200+ million registered chemicals, less than 0.04 %
are covered by regulatory inventories like the EPA’s, and conventional
analytical methods apply to fewer than 5 % of known compounds
(LaKind et al., 2016; Wang et al., 2020). Although high-resolution mass
spectrometry aids identification, assessing TP toxicity remains a
bottleneck due to rapid kinetics and structural complexity (Bletsou et al.,
2015). AOP-induced transformations—such as stereoselective hydrox-
ylation or ring cleavage—create byproducts with 3D geometries and
electronic distributions distinct from their parents. These features often
elude capture by traditional 2D molecular descriptors, highlighting the
need for 3D-aware deep learning models that can infer toxicity directly
from the theoretical geometries of these complex intermediates (McCord
et al., 2022). Consequently, given the prohibitive cost and slow pace of
experimental validation, rapid computational assessment is essential to
prevent the inadvertent formation of byproducts more toxic than their
precursors (Mansouri et al., 2021; Raies and Bajic, 2016; Tran et al.,
2023; Verma et al., 2010).

Most widely used toxicity prediction platforms today rely on tradi-
tional quantitative structure-activity relationship (QSAR) approaches,
with the EPA’s T.E.S.T. software serving as a representative example.
These models typically employ two-dimensional (2D) molecular descr-
iptors—such as SMILES strings, fingerprints, and topological indi-
ces—with algorithms like hierarchical clustering, linear regression,
group contribution, nearest-neighbor analysis, and consensus methods.
While effective in certain applications, 2D descriptors primarily encode
atom connectivity and local neighborhoods; they often omit global
planarity/dihedral constraints, absolute stereochemistry, and 3D elec-
trostatic fields that govern receptor engagement and reactivity (Ertl
et al., 2022). The limitations of 2D descriptors are exemplified by con-
crete toxicity cases: for dioxins and PCBs, biological potency depends on
substitution pattern and planarity—only  2,3,7,8-substituted
PCDDs/PCDFs and coplanar (non-/mono-ortho) PCBs engage the aryl
hydrocarbon receptor (AhR) with high potency, whereas ortho substi-
tution twists the biaryl, disrupts coplanarity, and markedly lowers AhR
engagement—features encoded by 3D dihedral and electrostatic fields
rather than by position-agnostic 2D counts (Couture et al., 1990; Gu
et al., 2019; Van Den Berg et al., 1998). Likewise, stereochemistry
governs hazard in widely used pesticides: cis and 1R configurations of
pyrethroids are typically more potent than their trans/1S counterparts,
and mecoprop-P (the R-enantiomer) is the herbicidally active form
(Cohen et al., 1993). This highlights a critical limitation of 2D-based
QSAR for stereochemically or conformationally sensitive toxicants and
motivates geometry- and physics-aware molecular representations.

The fundamental limitation of 2D descriptors has prompted a para-
digm shift towards 3D molecular representations (Subbiah and Chin-
nappan, 2020; Zubrod et al., 2024). While recent machine learning

advances have enhanced predictive accuracy, a critical gap remains:
many commonly used toxicity models compress molecular structure into
simplified feature spaces—typically 2D descriptors or single-conformer
summaries—that erase absolute/axial chirality, collapse conforma-
tional flexibility and dihedral/planarity constraints, and omit spatially
resolved electrostatics (e.g., partial charges, ESP/multipoles, and
hydrogen-bond directionality) that are critical for recognition and
reactivity (Zhong et al, 2021a, 2022). Consider stereo-
isomers—molecules with identical connectivity but different 3D arran-
gements—which can exhibit dramatically different toxicities despite
identical 2D representations. In contrast to alignment-dependent
3D-QSAR methods (e.g., COMFA), SE(3)-equivariant networks operate
directly on 3D coordinates and are equivariant to global rotations and
translations, reducing the need for manual alignment and extensive
rotational data augmentation. However, many commonly used E(3)/0
(3)-equivariant or invariant formulations based solely on
reflection-invariant scalars (e.g., distances/angles) are chirality-blind
and cannot distinguish enantiomers unless chirality-sensitive (par-
ity-odd) features are introduced or reflection symmetry is explicitly
broken (Dumitrescu et al., 2025; Fuchs et al., 2020). This disconnect
between molecular reality and computational abstraction has driven the
field towards spatially-aware modeling approaches that preserve the full
complexity of molecular structure (Zhang et al., 2024).

Driven by progress in deep learning, 3D molecular representation
models have recently gained traction for their ability to learn spatial and
electronic features with greater physical and chemical fidelity (Zhong
et al., 2021b; Zhong and Guan, 2023). Among these, GraphMVP (Liu
et al., 2022), GeminiMol (Wang et al., 2025), and Uni-Mol (Zhou et al.,
2023) have shown excellent performance in tasks such as molecular
property prediction, docking, and conformational sampling (Basak
et al., 2007; Cecily Mary Glory et al., 2017). Large-scale 3D pretraining
(e.g., Uni-Mol) provides symmetry-aware representations that transfer
effectively to small-molecule property prediction (Wang et al., 2024;
Zhao et al., 2020). However, most existing 3D representation models
have been developed and benchmarked primarily in drug-discovery
settings, where training objectives and evaluation tasks emphasize
drug-like chemical space and relatively stable, energy-minimized con-
formers. In the context of AOP-derived transformation products, this
assumption can be limiting because many intermediates are conforma-
tionally flexible, short-lived, and may undergo functional-group edits
that alter both local reactivity and global shape. Motivated by this gap,
ToxD4C was developed for environmental risk assessment of trans-
formation products. The framework integrates graph-based information
with 3D conformational features by using multi-conformer sampling and
a fusion architecture, allowing toxicity screening to account for both
substructure-level cues and overall molecular geometry across struc-
turally diverse transformation products.

This study introduces an integrated deep learning framework to
address key challenges in environmental toxicity modeling. The primary
contribution is a hybrid Graph Neural Network (GNN)-Transformer
model that uniquely merges 2D graph attention networks with 3D SE(3)-
equivariant Transformers to capture comprehensive molecular features
(Velickovic et al., 2018). To enhance predictive power, transfer learning
was leveraged by fine tuning the large scale pretrained Uni-Mol model
on a dataset of Density Functional Theory (DFT) optimized structures.
DFT refinement supplies physically consistent geometries and electronic
descriptors (e.g., electrostatic potential minima, HOMO-LUMO gap,
quadrupole moments) that are linked to AhR activation and hERG
blockade, thereby enriching the model with physics-informed features
that improve the biological faithfulness of toxicity predictions. Ablation
studies were conducted to validate the model's architecture, confirming
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Fig. 1. Architecture of the ToxD4C framework integrating fingerprint, graph, and 3D geometric representations via a GNN-Transformer hybrid for multi-task

molecular toxicity prediction.

the significant contribution of each key component to the final predic-
tive performance. An optional report-generation layer accompanies the
workflow, formatting model outputs into a structured summary and
integrating user-supplied local documents via retrieval to support
transparent reporting of screening outcomes (Dong et al., 2024).

2. Methods
2.1. The ToxD4C framework

In this work, a multi-modal, multi-task deep-learning framework,
ToxD4C, was developed for comprehensive molecular-toxicity predic-
tion. The benchmark dataset comprised 31 endpoints—26 classification
and five regression tasks (He et al., 2024). Crucially, learning targets
were defined at the individual endpoint level using experimental
ground-truth labels. Detailed dataset statistics (sample sizes,
class-imbalance ratios, and missing-label patterns) are reported in Ta-
bles S4 (classification) and S5 (regression). During multi-task training, a
mask-aware loss function was employed to ensure that optimization and
evaluation were driven solely by observed labels, preventing bias from
missing entries. These endpoints were chosen to reflect commonly used
evidence streams in environmental chemical assessment, spanning api-
cal hazards/organ toxicities and mechanistic screening panels (NR/SR
and CYP isoforms), together with key regression endpoints relevant to
environmental fate and acute toxicity (e.g., BCF, aquatic LC50/IGC50,
and LD50) (Bailer et al., 2000; Burkhard, 2021; Shi et al., 2023). Each
molecule was represented simultaneously in fingerprint, graph, and
geometric space. Three complementary fingerprints—2048-bit
Extended Connectivity Fingerprint (ECFP, radius=2), 167-bit MACCS
keys, and 2048-bit RDKit—along with 15 physicochemical descriptors
were concatenated to encode both local substructures and global prop-
erties (Chen and Reynolds, 2002; Nicholls and Grant, 2005). Molecular
graphs derived from SMILES strings included 119-dimensional atomic
features. Molecular geometries were represented as a multi-conformer
ensemble generated with RDKit ETKDG and MMFF94 energy minimi-
zation (Halgren, 1996). During training, 9 conformers were randomly
sampled in each epoch, and their Cartesian coordinates were fed to the

SE(3)-equivariant encoder for geometric reasoning (Fuchs et al., 2020).
A six-layer hybrid core combined a three-layer graph attention branch
for local chemical neighborhoods with a parallel three-layer Trans-
former for long range geometric context. The Dynamic Fusion Module
integrates the two feature streams using bidirectional cross attention
and a learnable gate, and the fused embedding is passed to the multi task
prediction heads (Fig. 1) (He et al., 2016; Velickovic et al., 2018). For
deployment-oriented confidence reporting, a similarity-based reliability
score was computed as the maximum Tanimoto similarity between a
query compound and the training set using ECFP fingerprints. Imple-
mentation specifics (optimizers, schedules, regularization settings, and
ablations) are detailed in SI §S2.

2.2. Transfer learning toxicity prediction with pre-trained models

The study was based on 7330 curated molecules from the Tox21
database (Helma, 2005; Richard et al., 2021). To evaluate the trade-off
between screening sensitivity and mechanistic rigor, two distinct la-
beling regimes were established for the Uni-Mol transfer learning ex-
periments. First, a baseline positive-proportion label (Pc) was defined as
the unweighted fraction of active assays derived from the Tox21SL list
(spanning 78-978 assays per compound), serving as a broad heuristic for
general bioactivity. Second, to mitigate assay artifacts and systematic
biases arising from uneven assay inventories, a refined
mechanism-balanced score (Sc) was constructed using a ToxCast Pipe-
line (tcpl)-compliant pipeline. As detailed in Section S12, this pipeline
filters non-specific cytotoxicity bursts (A>3logl0) and technical arti-
facts. Crucially, hit probabilities are aggregated hierarchically—first
within mechanistic families and then across families—using statistical
regularization techniques (Jeffreys prior shrinkage) to stabilize sparse
signals, ensuring the score reflects biological diversity rather than assay
count (Feshuk et al., 2023).

To complement these labels, three-dimensional structures were
generated and energy-minimized at the ®B97X-D/6-31G(d,p) level with
a PCM water model (Gaussian 16), from which 51 quantum-chemical
and 13 PubChem descriptors were derived. As a geometry-sensitivity
control, we repeated Uni-Mol fine-tuning using RDKit ETKDG/
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MMFF94 conformers in place of DFT-optimized coordinates; the PCA
shift between paired representations and the resulting screening AUC
are summarized in Figure S32. While these physicochemical properties
functioned as input features for conventional machine-learning models
such as XGBoost, they were utilized within the Uni-Mol framework as
auxiliary regression targets to regularize the SE(3)-equivariant encoder.
This multi-task setup encourages the model to encode electronic and
steric information that is relevant to molecular interactions. Ablations
(Table S20) showed that adding lower-reliability auxiliary targets (e.g.,
ALIE_min) did not harm downstream toxicity prediction, suggesting the
multi-task objective avoids negative transfer. Separately, the SE(3)-
equivariant Uni-Mol model was fine-tuned on the DFT-optimized co-
ordinates via transfer learning under stratified five-fold cross-validation
with a scaffold-aware assignment. At evaluation only, test-time
augmentation (five stochastic passes with small coordinate perturba-
tions) summarized predictive dispersion, and temperature scaling was
applied to produce calibrated probabilities. Performance was summa-
rized with an imbalance-aware panel (ROC-AUC, PR-AUC, F1; addi-
tional metrics and calibration are reported in the Supporting
Information). Post-hoc interpretation used TreeSHAP on the descriptor-
based head; SHAP did not participate in training or model selection
(Mangalathu et al., 2020). To provide mechanistic context, docking
against estrogen receptor p (ERB; PDB 1 x 7B), estrogen receptor o
(ERa), androgen receptor (AR), and peroxisome proliferator-activated
receptor gamma (PPARY) was performed, and short molecular-dynamics
(MD) simulations were used to assess pose stability (Allouche, 2012).
Detailed protocols—label construction, split definitions, calibration/
Test Time Augmentation (TTA), and docking/MD—are provided in the
Supporting Information.

2.3. Predicting degradation pathways via enhanced-sampling molecular
dynamics

Metadynamics-enhanced molecular dynamics was carried out in a
spherical nanoreactor whose harmonic wall oscillated from Rpax + 1.0 A
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to Rpax + 2.5 A, where Rpyqx is the current maximum distance of any
atom from the molecular geometric center; this adaptive confinement
promotes frequent barrier crossing without over-compressing the system
(Tribello et al., 2014). A history-dependent Gaussian bias acted on an
adaptive MULTI_RMSD (root-mean-square deviation) collective vari-
able, refreshed from on-the-fly averaged configurations, enabling rapid
escape from explored minima (Trizio et al., 2024). Forces and energies
were evaluated with either a DeePMD-kit (LAMMPS), the semi-empirical
GFN2-xTB Hamiltonian, or any DFT level available in CP2K (Bannwarth
et al., 2019; Zeng et al., 2023). This design ensured that the various
computational engines were readily interchangeable, allowing the
desired method to be selected through a single input keyword. Reactive
events were automatically identified and clustered, with representative
structures subsequently re-optimized at the selected quantum chemistry
level, ensuring a self-consistent degradation network.

2.4. Retrieval-Augmented toxicity reporting via the tox-agents platform

An open-source platform, Tox-Agents (https://github.com/PhelanSh
ao/tox-agents), was developed to automate and standardize toxicity
screening workflows. The platform integrates the predictive models
developed in this study with a lightweight information-retrieval and
templated reporting layer to generate structured screening summaries
for downstream interpretation. Within Tox-Agents, Uni-Mol is used for
rapid first-pass toxicity triage and bulk descriptor/property profiling,
whereas ToxD4C provides the primary endpoint-resolved predictions
across the 31-endpoint benchmark; the report layer summarizes both
outputs side-by-side for prioritization. This reporting component is
optional and does not affect model training, benchmarking, or the nu-
merical prediction results; implementation details and example outputs
are provided in the Supporting Information (Dong et al., 2024). To
demonstrate environmental applicability, the workflow was applied to
transformation products generated from tetrabromobisphenol A-diallyl
ether (TBBPA-DAE), bisphenol A (BPA), and dicofol during UV/H20-
advanced oxidation in a real water matrix. Transformation products
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were identified by LC-MS, and model-predicted endpoints were used to
support hazard screening and prioritization of products for further
evaluation.

3. Results and discussion
3.1. Performance evaluation and ablation analysis

The ToxD4C framework demonstrated competitive performance
across a comprehensive molecular toxicity benchmark, with different
architectural variants achieving the best results in distinct task subsets.
As presented in the performance heatmap (Fig. 2f), the full model ach-
ieved an average AUC of 0.845 across 26 classification tasks, out-
performing established methods including ToxScan (0.827), MolCLR
(0.798), and ChemBERTa (0.796). Notably, the model exhibited supe-
rior accuracy in predicting key environmental fate and aquatic toxicity
endpoints—ecritical for ecological risk assessment—yielding R values of
0.701 for Bioconcentration Factor (BCF) and 0.801 for Tetrahymena
pyriformis toxicity (IGC50). Further examination of the applicability
domain in Fig. 2(a-d) delineates a divergence in generalization capa-
bilities. While classification models maintained robustness against
structural shifts—retaining out-of-domain AUC scores exceeding
0.7—regression precision exhibited heightened sensitivity to the
chemical similarity between query and training samples. This suggests
that reliable quantitative predictions for continuous environmental pa-
rameters necessitate stricter similarity thresholds compared to qualita-
tive classification. Despite these aggregate successes, the optimal
architectural configuration was not uniform across all endpoints. The
variant lacking the fingerprint module yielded superior results in 9 tasks
(29.0 %), whereas the GNN-Transformer enhanced with 3D features
outperformed others in 8 tasks (25.8 %). This observed variability
counters the assumption that maximizing architectural complexity
universally enhances performance and implies that toxicity prediction
requires architectures tailored to specific endpoint characteristics (Seal
et al., 2025).

To interpret this task dependence mechanistically, a gain-based
endpoint map was constructed to contrast the marginal contributions
of Graph/3D features against the fingerprint branch (Fig. 3). Using a
threshold of 0.01 (AUC or Rz), endpoints were partitioned into four
mechanistic regimes: Topology-Driven (Graph/3D gain > 0.01 and
Fingerprint gain < 0.01), Substructure-Driven (Fingerprint gain > 0.01
and Graph/3D gain < 0.01), Hybrid (both gains > 0.01), and Baseline-
Sufficient (otherwise). This taxonomy reveals a strong negative corre-
lation (r = -0.7937) between the two modality gains, suggesting a

competitive trade-off rather than simple additivity. The efficacy of the
fingerprint-free variant on 9 endpoints is directly explained by this
taxonomy. Notably, 80 % (4/5) of the regression endpoints (e.g., BCF,
IGC50) fall into the Topology-Driven category. In these continuous-
value contexts, toxicity is predominantly governed by smooth global
physicochemical constraints (e.g., hydrophobicity and molecular size);
consequently, high-dimensional hashed fingerprints may introduce
quantization noise rather than informative signals, failing to capture the
continuous manifold of molecular properties (Mayr et al., 2016). Across
the entire benchmark, the most pronounced Graph/3D gains were
observed for specific receptor-mediated classification tasks, such as
CYP3A4 (gain of 0.1025) and NR-PPAR-y (0.1157), consistent with ac-
tivities governed by global shape complementarity and steric—electro-
static balance.

Conversely, the necessity of the fingerprint module for Substructure-
Driven tasks is validated by independent enrichment analysis. Repre-
sentative endpoints such as Carcinogenicity and Cardiotoxicity exhibit
statistically significant enrichment of specific MACCS keys in the toxic
class (FDR < 0.05), often with large effect sizes (e.g., Carcinogenicity
MACCS-52, Odds Ratio = 4.46). This confirms that explicit substructure
encodings provide the primary discriminative cues for motif-dependent
toxicities. Integrating these insights, the ablation study supports a
"parsimony with alignment" design strategy: 3D geometry (SE(3)-
equivariant encoding) and supervised contrastive regularization serve as
effective defaults, yielding improvements ranging from 2.7 to 21.3
percentage points in classification AUC and 10.4 to 47.0 percentage
points in regression R? (Sharma et al., 2023). Meanwhile, the fingerprint
branch is best managed via cross-attention fusion—which outperformed
simple concatenation by 0.047 AUC—allowing the model to dynami-
cally suppress noisy modalities in topology-dominated tasks while
retaining informative motifs where mechanistically required.

3.2. Transfer learning with Uni-Mol for enhanced 3D-aware toxicity
scoring

The dominant paradigm in artificial intelligence—pretraining on
vast, heterogeneous corpora to build task-agnostic priors, followed by
task-specific fine-tuning—has been adapted for molecular toxicity. In an
approach analogous to that of large language and vision models, the
Uni-Mol model is first pretrained on a vast chemical space of over 200
million molecular conformations. This process equips the encoder with a
transferable understanding of common substructures, stereochemistry,
and energetically favorable 3D arrangements (Huang et al., 2016;
Idakwo et al., 2020). This rich chemical prior enables the learning of
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Performance of conventional ML vs. Uni-Mol transfer learning under different dataset partitioning schemes; radar plots summarize F1-score, precision, recall, ac-
curacy, MCC, Cohen’s k, ROC-AUC, and PR-AUC (b); ToxD4C regression predictions for multiple endpoints (e.g., LDso, LCso, BCF, IGCs0) along the minimum-energy
paths (MEPs) of two representative bisphenol A (BPA) degradation reactions (c); Predicted endpoint values for the corresponding reaction products (d); Meta-
dynamics “nanoreactor” simulation of BPA over 100 ps: structural snapshots (top) with time series of predicted Uni-Mol probability, RMSD and relative elec-
tronic energy, and concurrent LCso/IGCso predictions (right axes), illustrating stabilization as products form (e); Sensitivity analysis of the transfer-learned toxicity
model: RMSD versus the derivative of the predicted probability with respect to RMSD (dProb/dRMSD) (f).

more fine-grained and physically grounded structure-toxicity relation-
ships than is possible with traditional, handcrafted 2D descriptors alone.
Fine-tuning was performed on DFT-optimized coordinates under strati-
fied cross-validation with a scaffold-aware assignment to reflect distri-
bution shift. Two complementary labeling regimes were used. A
permissive screening label marked a molecule as toxic whenever at least
one of its available Tox21 assays was positive among the seventy-eight
to nine-hundred seventy-eight assays per compound. In parallel, tcpl
procedures produced dose-response-vetted per-endpoint hits with arti-
fact and cytotoxicity control that were aggregated within and across
mechanistic families into a mechanism-balanced chemical-level score
Sc (Feshuk et al., 2023; Yang et al., 2019). With either regime, the SE
(3)-equivariant Uni-Mol branch surpassed conventional
machine-learning baselines across the imbalance-aware metric panel.
Aggregated multi-endpoint training provided additional inductive bias
beyond within-type pooling while single-endpoint heads preserved
endpoint specificity (Fig. 4a and b).

The advantage of a 3D-aware representation is further illustrated by
stress tests along chemistry rather than solely across static datasets.
Along minimum-energy reaction paths for representative bisphenol-A
degradations, regression heads track systematic shifts in LD50, LC50,

BCF, and IGC50 as the reactant geometry evolves toward products, and
the predicted values for the isolated products align with the trends
observed along the paths (Fig. 4c and d). These behaviors are expected
when toxicity is coupled to changes in charge distribution, local acces-
sibility, and conjugation along the reaction coordinate. A metadynamics
“nanoreactor” experiment provides a dynamic complement in which a
biasing potential is gradually deposited on selected collective variables
to accelerate barrier crossing; during the one-hundred-picosecond tra-
jectory the Uni-Mol probabilities stabilize as product wells are reached,
the RMSD plateaus, and dProb/dRMSD decreases (Fig. 4e-f). The joint
evidence indicates that the encoder maps small, spatially localized
rearrangements into coherent changes in toxicity predictions, whereas
two-dimensional fingerprints would collapse stereoisomers and flatten
physically meaningful variations along reaction pathways. Together,
large-scale pretraining combined with SE(3)-equivariant fine-tuning
yielded a toxicity scorer that is accurate and mechanistically interpret-
able, leveraging broad chemical priors, preserving three-dimensional
symmetry constraints, and using task-aware fine-tuning and calibra-
tion to remain robust under distributional shift in environmental
assessment.
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Fig. 5. Mechanistic triangulation of ERf-mediated toxicity aligning Deep Learning Attention with Physical Simulation. (a) Global SHAP feature importance; (b)
Dataset feature distributions; (c) ERp binding pocket (PDB 1 x 7B); (d) Electronic reactivity maps (ESP/CDD); (e) Convergence of ToxD4C Cross-Attention Weights
(Heatmap) with MD-derived Interaction Fingerprints, demonstrating that the model specifically 'attends' to the same phenolic motifs (red regions) that drive physical

receptor binding.
3.3. Interpretable and mechanistic insights into toxicity drivers

To leverage the post-hoc interpretability of conventional machine
learning, attribution analysis was grounded in the descriptor-based
XGBoost model—identified as the best-performing ML config-
uration—and TreeSHAP was applied (Figure S3, Table 1). These

Table 1
Key Molecular Descriptor Thresholds for Toxicity Prediction Derived from SHAP
Analysis.

Feature Threshold CI Lower CI Upper Reliability
Value
XLogP 3.05893 2.97430 3.150712 0.979287
HOMO-LUMO Gap (a. 0.33105 0.328424 0.333599 0.999068
u)
ALIE Ave (a.u.) 0.50461 0.50018 0.508898 0.999361
Quadrupole Moment 21.1766 21.0696 21.27608 0.999801
(a.u.)
Weight (Da) 246.334 244.8681 247.7464 0.991997
LUMO (a.u.) -0.00517 -0.008458  -0.001918  0.986424
ALIE,in (eV) 11.2949 10.92579 11.78723 0.489448
Negative Surface Area 359.924 358.417 361.266 0.998766
(Bohr?)
Heavy Atom Count 14.3053 14.13596 14.48571 0.989859
Complexity 184.588 184.1447 185.056 0.999999
Rotatable Bond Count 2.52924 2.514552 2.549708 0.999932
ESPmin (kcal/mol) -36.8484 -37.28863  -36.33131  0.958385
HOMO (a.u.) -0.29269 -0.295569 -0.289849 0.99852
LEA Var (eV) 0.06576 0.062453 0.068951 0.999583
Mol Radius (angstroms) ~ 6.30992 6.285233 6.336594 0.996349
LEA Ave (a.u.) -0.97949 -0.988604 -0.966204 0.814490
LEA Max (eV) -17.6020 -17.87164  -17.28808  0.644671
ODI LUMO 21.2497 18.41094 25.89896 0.491487
Length Ratio 0.545714 0.527464 0.56729 0.524082

analyses identified key molecular features driving predicted toxicity,
which are interpreted within the adverse outcome pathway (toxicolog-
ical AOP) framework (Fig. 5). Notably, XLogP (lipophilicity) serves as a
key proxy for bioavailability and toxicokinetic (TK) amplification,
acting as the dominant driver for aquatic regression endpoints (e.g.,
IGC50, BCF) governed by membrane partitioning (Lambert et al., 2022).
Beyond bulk properties, electronic descriptors such as the HOMO-
-LUMO gap and Average Local Ionization Energy (ALIE) provide a
plausible chemical basis for Key Events (KEs) involving electrophilic
attack and oxidative stress, chemically consistent with Stress Response
(SR) endpoints (Hillebrand et al., 2024; LoPachin and Gavin, 2014).
Crucially for specificity, steric-electrostatic features like the quadrupole
moment appear critical for receptor-mediated Molecular Initiating
Events (MIEs), capturing the asymmetric charge distributions required
for specific ligand-receptor binding (e.g., NR-ER) even when net dipoles
are weak (Neel et al., 2017).

To bridge the gap between data-driven predictions and physical re-
ality, molecular docking and short molecular dynamics (MD) simula-
tions were employed as orthogonal interpretability checks, focusing
specifically on the Estrogen Receptor § (ERf, PDB 1 x 7B) as a direct
mechanistic link to the NR-ER endpoints. This combined evi-
dence—model attention, electronic reactivity indicators, and receptor
interaction profiles—is referred to as a mechanism-oriented triangula-
tion to support interpretation. Visualized in Fig. Se, the ToxD4C Cross-
Attention mechanism consistently assigns its highest weights to
phenolic hydroxyls and halogenated rings across the TBBPA — BPA —
Dicofol series. Conceptual DFT reactivity maps provide an electronic
counterpart to these structural motifs highlighted by model attention. In
Fig. 5d, electrostatic potential (ESP) and condensed dual descriptor
(CDD) maps consistently localize electronically active regions on
phenolic oxygens and activated ring positions, which are expected to
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govern hydrogen-bonding propensity and noncovalent recognition in
estrogen-receptor binding. Strikingly, these same atoms coincide with
persistent contact hotspots (e.g., Glu305/Arg346) in the ERp pocket
revealed by short MD interaction fingerprints. This co-localization links
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the learned attention pattern to chemically plausible pharmacophoric
features, strengthening an endpoint-anchored (NR-ER/NR-ER-LBD)
mechanistic interpretation rather than a purely statistical attribution

(Shanle and Xu, 2011).
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Crucially, docking and short MD simulations serve as orthogonal
support specifically for receptor-mediated MIE endpoints (e.g., NR-ER,
NR-ER-LBD), whereas apical regression endpoints (e.g., LC50) repre-
sent complex outcomes used for screening prioritization rather than
mechanistic proof. This rationale guided the selection of the five
representative degradation products for experimental validation,
ensuring coverage across these distinct mechanistic tiers—from MIEs
and KEs to Apical outcomes—thereby rigorously testing the frame-
work’s generalizability. Comprehensive docking profiles and detailed
interaction analyses for broader receptor panels are provided in Figure
S$33. Notably, the model successfully discriminated between high-
affinity binders (e.g., BPA) and low-toxicity derivatives (e.g., diallyl-
ether analogs), a distinction attributed to specific steric hindrance and
electronic incompatibility within the receptor pocket rather than
generic structural similarity. This confirms the framework’s ability to
identify subtle structural modifications critical for toxicological
outcomes.

3.4. ‘Tox-Agents’ platform for automated risk assessment of
environmental transformation products

Tox-Agents is an open-source reporting workflow designed to oper-
ationalize high-dimensional predictive toxicology for environmental
transformation products. In practical screening settings, a study may
yield dozens to hundreds of candidate molecules, and each molecule is
associated with a dense output bundle: calibrated predictions for 31
toxicity endpoints, 51 physicochemical and electronic descriptors,
SHAP-based attribution summaries, and applicability-domain (AD)
reliability flags. Interpreting these outputs molecule-by-molecule is
time-consuming and error-prone, and it becomes difficult to maintain
consistent endpoint-level reasoning across a product ensemble. Tox-
Agents addresses this bottleneck by using a structured, retrieval-
assisted, templated analysis layer to organize the multi-endpoint pro-
files, highlight coherent mechanism-relevant patterns (e.g., concordant
NR/SR signals versus isolated flags), and generate concise, evidence-
traceable screening reports with visual summaries (Fig. 6). The result-
ing reports are intended as decision-support artifacts for prior-
itization—helping users compare products, identify recurring hazardous
motifs, and select candidates for targeted confirmation—without
altering any underlying numerical predictions.

To benchmark screening outputs against biological measurements,
five representative degradation products (1-bromo-3-isopropylbenzene,
2,6-dibromo-4-isopropylphenol, 4-chlorophenol, 4-isopropylphenol,
and bisphenol A) were selected based on detection along the trans-
formation pathway and the availability of analytical standards (Table
$18). The panel spans structural motifs relevant to endocrine signaling
(NR-ER) and cytotoxicity-related endpoints. In HepG2 assays, JC-1
staining (Fig. 7d) showed pronounced mitochondrial depolarization
for 4-chlorophenol, 4-isopropylphenol, and bisphenol A, whereas 1-
bromo-3-isopropylbenzene retained predominantly red fluorescence,
consistent with SR-MMP calls and corresponding scores (Table S17).
CCK-8 assays (Fig. 7g) yielded ICso values spanning more than one order
of magnitude (12.97-234.9 mg L), with bisphenol A being the most
cytotoxic and 1-bromo-3-isopropylbenzene the least, matching their
separation in the t-SNE embedding (Fig. 7e). The CCK-8 ICso values re-
ported here represent acute in vitro cytotoxicity thresholds used to
benchmark model discrimination and to support relative potency
ranking among prioritized products. The in vitro dosing design (1-50
uM, 24 h in HepG2; SI Section S25.2) was chosen to obtain full dos-
e-response curves for ICso estimation rather than to mimic environ-
mentally realistic exposure scenarios. Bridging to environmental risk
will require coupling these hazard estimates with measured or modeled
exposure concentrations, together with toxicokinetic considerations,
chronic exposure, and mixture effects. In addition, 4-isopropylphenol
and bisphenol A were NR-ER positive and showed the highest NR-ER
prediction probabilities, whereas the remaining products were ER-
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inactive with low scores. Overall, the qualitative agreement between
predicted NR/SR profiles and orthogonal cellular readouts is consistent
with the use of the reporting workflow to prioritize transformation
products for follow-up testing.

By translating high-dimensional model outputs into a standardized,
evidence-traceable summary, the reporting workflow enables rapid
triage and prioritization of large transformation-product libraries and
supports targeted confirmation of candidates with coherent multi-
endpoint signals and higher predicted reliability. The framework is
applicable across diverse water matrices and multiple AOP configura-
tions, where matrix effects can obscure risk-relevant byproducts. Prac-
tical deployment highlights a trade-off between model capacity and
inference speed; thus, future work should prioritize model distillation
for lightweight deployment and integrate online analytical signals to
enable dynamic, near-real-time toxicity screening.

4. Conclusions

This study introduces an integrated computational framework
(ToxD4C) that combines 3D deep learning with enhanced sampling
molecular dynamics and in vitro validation, improving upon traditional
QSAR methods constrained to 2D representations. An optional report
generation utility is provided to summarize model outputs and user
supplied evidence for transparent screening and prioritization. By
capturing subtle stereochemical and electronic features essential for
toxicity, the framework enables rapid hazard screening of trans-
formation products and prioritizes candidates for targeted confirmation.
Importantly, AOP treatment can generate products with higher intrinsic
hazard potential than their parents, underscoring the need for follow-up
quantification and chronic/mixture evaluation before risk character-
ization. Consequently, the developed open-source platform (Tox-
Agents) enables rapid, interpretable, and actionable toxicity assess-
ments, empowering stakeholders to proactively manage chemical risks.
Ultimately, this approach facilitates informed design of safer chemicals,
optimizes environmental remediation technologies, and represents a
pivotal step toward predictive, proactive environmental protection.
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