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ABSTRACT 

Endocrine hazard assessment needs models that are accurate and mechanistically transparent. We present a multimodal cross- 
attentive graph framework that fuses molecular graphs with adverse-outcome-pathway (AOP)–anchored assay signals to predict 
organism-level outcomes in the organisation for economic co-operation and development (OECD) Hershberger and uterotrophic 
assays. In Tier-1, multitask graph neural networks (GNNs) learn estrogen and androgen receptor molecular-initiating and key 
events across 46 in vitro ToxCast/Tox21 assays. In Tier-2, a cross-attentive multimodal GNN integrates Tier-1 pathway signals with 
molecular graphs, yielding high predictive performance for both the in vivo Hershberger (AUROC = 0.97 ± 0.014) and uterotrophic 
(AUROC = 0.97 ± 0.008) assays. Retrospective analysis of literature compounds showed 88% concordance (Hershberger 15/18; 
uterotrophic 23/26). Bidirectional cross-attention highlights associations between molecular substructures and pathway-level 
assay nodes, while counterfactual perturbations rank assays and structural motifs most influential for each decision. The 
framework couple’s high accuracy with assay-traceable explanations, supporting targeted testing within the integrated approaches. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1 Introduction 

Endocrine-disrupting chemicals (EDCs) comprise a group of
exogenous substances that interfere with hormone signaling
pathways, particularly through estrogen (ER) and androgen (AR)
receptor mechanisms [ 1, 2 ], leading to well-documented adverse
outcomes ranging from reproductive disorders to hormone-
dependent cancers [ 3–7 ]. International evaluations and economic
analyses estimate that such exposures contribute to widespread
disease at the population level and generate annual costs amount-
ing to hundreds of billions of euros in the European Union [ 8 ]. 

Assessment of chemical hazards has historically relied on in
vivo assays established under the Organization for Economic
Co-operation and Development (OECD) test guidelines to cap-
This is an open access article under the terms of the Creative Commons Attribution License, which perm
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ture AR- and ER-mediated mechanisms. The Hershberger assay 
(OECD test no. 441), conducted in castrated male rats supple-
mented with testosterone propionate, provides direct evidence of 
AR agonism or antagonism through changes in male accessory
sex organ weights. Similarly, the uterotrophic assay (OECD 

test no. 440), performed in immature or ovariectomized female
rodents, monitors ER modulation by measuring uterine weight 
and histological changes. While these assays serve as regulatory
benchmarks for identifying endocrine activity, they have limited 
throughput, high costs, and ethical concerns associated with the
use of animals [ 9 ]. 

In addition, high-throughput screening strategies have been 
established for assessing EDCs. The U.S. Environmental Pro-
tection Agency’s (EPA) ToxCast program and the interagency 
its use, distribution and reproduction in any medium, provided the original work is properly 
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Tox21 collaboration have generated extensive in vitro bioactivity
data across ∼ 10 000 chemicals [ 10–12 ], including dedicated
assay batteries for AR- [ 13 ] and ER-mediated [ 14 ] adverse out-
come pathways (AOPs). These resources provide unprecedented
mechanistic insight for regulatory prioritization but remain con-
strained by limited metabolic competence and the challenge of
translating pathway perturbations into complex in vivo outcomes
[ 15, 16 ]. Building on these efforts, the U.S. EPA implemented the
Endocrine Disruptor Screening Program (EDSP) to determine
potential endocrine effects in humans and wildlife. The program
was structured in two tiers: Tier-1 was designed to identify
potential EDCs through a battery of in vitro and in vivo assays
(including the OECD Hershberger and uterotrophic tests); and
Tier-2 was intended to characterize dose-response relationships
and adverse outcomes in more comprehensive animal studies
[ 16, 17 ]. Despite its ambitious scope, the EDSP has progressed
slowly, with Tier-1 testing completed for only a limited number
of chemicals. 

Considering these limitations, computational toxicology has
emerged as a promising approach to enhance the throughput
of chemical assessments [ 18 ]. Within computational toxicology,
machine learning approaches leverage large-scale biological,
chemical, and mechanistic data to uncover non-linear patterns
underlying endocrine disruption [ 19–25 ], thereby enabling reg-
ulatory prioritization while reducing reliance on animal testing.
These approaches have been increasingly adopted into Integrated
Approaches to Testing and Assessment (IATA) frameworks as
complementary tools to conventional assays, offering a scalable
strategy to screen the thousands of chemicals that remain
untested for endocrine activity [ 26, 27 ]. 

In recent years, graph neural networks (GNNs) [ 28, 29 ] have
expanded the landscape of predictive toxicology. These models
rely on molecular graphs, in which nodes represent atoms,
edges represent bonds, and attributes (e.g., atom type, chirality,
and bond order) are encoded as features. GNNs offer adapt-
able architectures for modeling complex molecular interactions
and endocrine-related responses. However, current applica-
tions in computational toxicology rely primarily on molecular
structure information, with underutilization of biological path-
way data. Despite promising advances, these studies remain
limited in number and scope, focusing mainly on in vitro
AR- and ER-mediated effects [ 30–32 ]. Extending these efforts
toward more comprehensive predictions, particularly those
aligned with organism-level outcomes, requires integrative mod-
eling strategies that combine molecular graph representations
with adverse outcome pathways and assay-derived informa-
tion. Such approaches enable the capture of receptor-level
interactions while also accounting for downstream biological
responses. 

In this study, we introduce a multimodal cross-attentive graph
framework that uniquely integrates chemical structure informa-
tion with AOP-based predictions to model in vivo endocrine dis-
ruption. The approach was developed in two tiers: first, multitask
GNNs were trained on 46 in vitro assays from the ToxCast/Tox21
program to capture AR- and ER-mediated molecular initiating
events (MIEs) and key events (KEs); second, the resulting pre-
dictions and logits—rather than the raw in vitro labels—were
embedded within a pathway graph and integrated with molecular
2 of 23
graphs through bidirectional cross-attentive multimodal GNNs to 
predict outcomes of the OECD in vivo Hershberger (AUROC =
0.97 ± 0.014) and uterotrophic (AUROC = 0.97 ± 0.008) assays. 

Beyond predictive performance, the multimodal framework pro- 
vides explainability through bidirectional cross-attention, which 
links molecular substructures to pathway assays and, conversely, 
pathway nodes to their most influential molecular features. This
dual mapping elucidates how structural motifs propagate into 
AR- and ER-mediated perturbations. As an additional inter- 
pretability strategy, counterfactual perturbations were employed 
to generate alternative scenarios, enabling the evaluation of 
how molecular modifications or pathway disruptions may alter 
downstream outcomes. 

2 Materials and Methods 

2.1 Data Collection and Curation 

Initially, we assembled a dataset comprising 10 000 chemical
entries from the U.S. EPA ToxCast/Tox21 program (in vitroDB
v4.1), encompassing 46 in vitro assays relevant to androgen
receptor (AR)– and estrogen receptor (ER)–mediated adverse 
outcome pathways (AOPs). In parallel, we curated a total of 957
in vivo chemical entries derived from rodent endocrine assays,
including 499 compounds evaluated using the Hershberger assay 
[ 33 ] and 458 compounds assessed in the uterotrophic assay [ 34 ].
Subsequently, chemical structures in simplified molecular input 
line entry system (SMILES) format and their outcomes were
curated according to the protocol established by Fourches et
al., [ 35, 36 ]. The process involved standardization of functional
groups and aromatic systems and removal of salts, mixtures, poly-
mers, and organometallics using RDKit v.2024.4.5. Furthermore, 
we performed the analysis and exclusion of duplicates as follows:
(i) if duplicates presented discordance in experimental outcomes 
(e.g., active vs. inactive), both entries would be excluded; and (ii)
if the reported outcomes of the duplicates were the same, one
entry would be retained in the dataset and the other excluded.
After curation, the in vitro dataset comprised 7956 compounds,
whereas the in vivo datasets contained 136 compounds for
the Hershberger assay and 118 compounds for the uterotrophic
assay. A detailed description of each assay is provided in
Table S1 . 

2.2 Data Augmentation and Partitioning Scheme 

To mitigate in vivo data scarcity, a structured data augmentation
procedure was employed to incorporate additional putative com- 
pounds from the ToxCast/Tox21 database. Specifically, we added 
717 compounds to the Hershberger dataset and 747 compounds to
the uterotrophic dataset, prioritizing hard negatives, i.e., active 
compounds in parallel biological pathways or unrelated assay 
endpoints that remain consistently inactive in the AR- or ER-
mediated MIE and KE5 assays. Finally, the in vitro and in vivo
datasets were randomly partitioned into training, validation, 
and test sets using an 8:1:1 ratio. This procedure was repeated
across five independent splits generated with different random 

seeds. For each split, models were trained on the training set,
hyperparameters were tuned on the validation set, and final
Advanced Science, 2026
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performance was reported on the held-out test set to provide an
unbiased estimate of predictive accuracy. To avoid information
leakage, we additionally employed the Murcko scaffold split
approach on both in vitro and in vivo datasets [ 37 ]. However,
due to the extreme sparsity of actives in these datasets, scaffold
splits frequently yielded validation/test folds with zero or near-
zero positives (e.g., the uterotrophic scaffold split produced
0 actives in both validation and test), rendering hyperparam-
eter tuning and metric estimation unstable. Split composi-
tions for random and scaffold schemes are summarized in
Table S2 . 

2.3 Tier-1 Models 

Tier-1 models were developed to predict the outcomes of 46 in
vitro assays encompassing AR- and ER-mediated MIEs and KEs,
using molecular graphs as feature representations. 

2.3.1 Molecular Graphs 

Undirected molecular graphs were constructed from SMILES
strings using RDKit v.2024.4.5, representing atoms as nodes and
bonds as edges. Detailed specifications for all atom and bond
features are provided in Table S3 . Briefly, atom features comprised
one-hot encodings of atomic number, degree, formal charge,
hybridization, and aromaticity. Bond features were encoded
through one-hot representations of bond type, conjugation, ring
membership, stereochemistry, and chirality. 

2.3.2 Architecture 

The Message Passing Neural Network (MPNN) [ 38 ], Graph
Attention Network (GAT) [ 39 ], and Graph Isomorphism Net-
work (GIN) [ 40 ] architectures were refined by systematically
incorporating skip connections, virtual nodes, and Jumping
Knowledge (JK) mechanisms to enhance chemical semantics.
All graph-based models additionally integrated GraphNorm
normalization [ 41 ] at each message-passing layer to stabilize
training dynamics and improve representation consistency across
graphs of varying sizes. Furthermore, the Attentive Finger-
print (AttentiveFP) [ 42 ] architecture was employed without
modification, as it inherently incorporates multiscale mecha-
nisms analogous to those introduced in the optimized models.
Skip connections were incorporated to mitigate over-smoothing
and gradient degradation during deep message-passing as
follows: 

ℎ( 𝓁) ← ℎ( 𝓁) + ℎ( 𝓁 − 1 ) 

where ℎ(𝓁 − 1 ) , ℎ( 𝓁 ) ∈ ℝ𝑑 are input and output features at layer
𝓁 . This additive transform acts as an identity initialization,
preserving the gradient flow. 

The virtual node mechanism was incorporated into each molec-
ular graph to enrich chemical semantics by forging long-range
connections among pharmacophoric and structural features. This
node is initialized with a learnable embedding by ℎ(0) 

𝑣𝑖𝑟𝑡 
∈ ℝ𝑑 

and interacts with all nodes by contributing additively to their
Advanced Science, 2026

e

representations at each message-passing layer. For a given graph
G = ( V , E ) , the representation of each atom 𝜈 ∈ 𝑉 at layer ℓ is
modified as follows: 

ℎ
( 𝓁) 
𝑣 ← ℎ

( 𝓁) 
𝑣 + ℎ

( 𝓁) 

𝑣𝑖𝑟𝑡 

where ℎ( 𝓁 ) 𝑣 is the atom’s representation at layer ℓ, and ℎ( 𝓁 ) 
𝑣𝑖𝑟𝑡 

is the
virtual node’s representation at the same layer. After message-
passing, the virtual node embedding is updated by aggregating
the current node states across the graph: 

ℎ
( 𝓁) 

pool 
=
∑
𝜈∈V 

ℎ
( 𝓁) 
𝜈

where ℎ( 𝓁 ) 
𝑝 𝑜 𝑜 𝑙 

is the graph-level summary at layer ℓ, computed
as a permutation-invariant sum over all atomic representations
ℎ
( 𝓁 ) 
𝑣 . The pooled representation is then transformed through a
learnable nonlinear function 𝑀𝐿𝑃( 𝓁 ) , typically consisting of two 
linear layers with intermediate activation and normalization, to 
produce a virtual node embedding as follows: 

Δ ℎ
( 𝓁 + 1 ) 
𝑣𝑖𝑟𝑡 

= 𝑀𝐿𝑃( 𝓁) ( ℎ
( 𝓁) 

𝑝 𝑜 𝑜 𝑙 

This mechanism enables the virtual node to function as a contex-
tual relay, progressively refining global semantics while retaining 
memory of prior states. Finally, the virtual node embedding is
updated by residual addition: 

ℎ
( 𝓁 + 1 ) 
𝑣𝑖𝑟𝑡 

= ℎ
( 𝓁) 

𝑣𝑖𝑟𝑡 
+ Δℎ

( 𝓁 + 1 ) 
𝑣𝑖𝑟𝑡 

where the virtual node embedding from the previous layer ℎ( 𝓁 ) 
𝑣𝑖𝑟𝑡 

∈

ℝ𝑑 is incremented by the newly computed update Δℎ(𝓁 + 1 ) 
𝑣𝑖𝑟𝑡 

∈ ℝ𝑑 . 

The JK mechanism was incorporated into architectures to address
this limitation by allowing the model to adaptively aggregate
information from multiple message-passing depths, effectively 
capturing signals at varying neighborhood ranges. Formally, let 
H(0) , H(1) , ∈, H( 𝐿) denote the sequence of node embeddings 
obtained at each of the L message-passing layers. JK aggre-
gation builds a unified node representation through feature 
concatenation: 

HJK = concat 
[
H( 0) , H( 1) , ∈, H( 𝐿) 

]

2.3.3 Homoscedastic Uncertainty 

A homoscedastic uncertainty weighting approach [ 43 ] was
employed to balance task contributions during multitask learning
by accounting for task-dependent variance. For each task t , a
trainable parameter 𝑎𝑡 = log 𝜎2 𝑡 defined as the logarithm of the 
task-dependent variance was introduced to adaptively scale the 
classification loss as follows: 

𝓁 = 1 

𝑇 

𝑇 ∑
𝑡= 1 

1 ∑𝑁 

𝑖= 1 𝑚𝑖.𝑡 

𝑁 ∑
𝑖= 1 
𝑚𝑖.𝑡 

(
𝑒−𝑎𝑡 𝓁𝑖,𝑡 + 𝑎𝑡 

)

where 𝜎2 𝑡 represents the homoscedastic uncertainty associated 
with task t , T is the number of tasks, and N the number of samples,
and 𝓁𝑖,𝑡 is the individual loss for sample i in task t . The exponential
3 of 23
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term 𝑒−𝑎𝑡 adaptively downweights tasks with higher uncertainty,
while the additive at term penalizes overly large uncertainty
estimates, preventing trivial solutions. 

2.4 Tier-2 Models 

Tier-2 models were developed to predict in vivo Hershberger and
uterotrophic assays, integrating molecular and pathway graphs as
complementary feature representations. 

2.4.1 Pathway Graphs 

Undirected pathway graphs were built from AR- [ 13 ] and
ER-mediated [ 14 ] AOPs by integrating hierarchical AOP struc-
ture with statistical co-occurrence patterns derived from Tox-
Cast/Tox21 predictions. Each node represented an individual
assay and was annotated with its Tier-1 logit, i.e., the raw
model output for that task. The hierarchical structure of the
AOP was encoded by assigning each assay to a rule level (MIE
or KEk ) and by connecting assays within the same biological
pathway (AR or ER) when they belonged to the same rule
level or to adjacent levels (e.g., MIE→KE1, KE1→KE2). Sta-
tistical associations between assays were incorporated as edge
attributes. For each pair of assays a and b , we computed the
normalized pointwise mutual information (nPMI) and Yule’s
Q values from binarized Tier-1 predictions using task-specific
calibration thresholds. The nPMI between tasks a and b was given
by: 

𝑛𝑃 𝑀𝐼 ( 𝑎 , 𝑏 ) =
𝑙𝑜 𝑔

(
𝑝( 𝑎,𝑏 ) 

𝑝( 𝑎) 𝑝( 𝑏) 

)
− log 𝑝 ( 𝑎 , 𝑏 ) 

∈ [ − 1 , 1 ] 

Yule’s( a , b ) is the joint probability of both tasks being predicted
as positive, and p ( a ) and p ( b ) are their respective marginal
probabilities. In parallel, Yule’s Q values derived from the odds
ratio were computed as follows: 

𝑂𝑅 ( 𝑎, 𝑏 ) = 𝑇 𝑃 ⋅ 𝑇 𝑁 

𝐹 𝑃 ⋅ 𝐹 𝑁 

, 𝑄 ( 𝑎, 𝑏 ) = 𝑂 𝑅 − 1 

𝑂 𝑅 + 1 
∈ [ − 1 , 1 ] 

where TP, TN, FP, and FN denote the counts of true positives, true
negatives, false positives, and false negatives for the pair ( a , b ).
Finally, these association metrics were combined into a 2D edge-
feature vector ea , b = [ nPMIa , b , Qa , b ]. 

2.4.2 Architecture 

Four multimodal GNNs were developed using MPNN, GAT,
GIN, and AttentiveFP message-passing mechanisms. Each model
employed parallel message-passing arms for the molecular and
pathway graphs, enhanced with GraphNorm [ 41 ], skip connec-
tions, virtual nodes, and JK mechanisms. The outputs of both
encoders were projected into a shared latent dimension and
integrated through a bidirectional cross-attention mechanism.
Multi-head attention (MHA) was computed as: 

MHA ( 𝑄, 𝐾, 𝑉 ) = Concat ( hea d1 , . . . , hea dh ) 𝑊
𝑂 
4 of 23
hea di = sof tmax 

⎛ ⎜ ⎜ ⎝ 
𝑄𝑊

𝑄 

𝑖 

(
𝐾 𝑊𝐾 

𝑖 

)𝑇 
√
𝑑𝑘 

⎞ ⎟ ⎟ ⎠ 𝑉 𝑊𝑉 
𝑖 

where Q, K, and V represent query, key, and value projections of
the input node, dk is the key dimension, and WO , 𝑊𝑄 

𝑖 
, 𝑊𝐾 

𝑖 
, and

𝑊𝑉 
𝑖 
are learned projection matrices. In the molecule-to-pathway 

(M2P) direction, pathway embeddings were updated as: 

P′ = P +MHA ( P , M , M ) ) 

where P denotes the input pathway node embeddings and M the
molecular embeddings. Conversely, in the pathway-to-molecule 
(P2M) direction, molecular representations were updated as: 

M′ = M + Attention ( M , P′, P′) 

where P ′ are the updated pathway embeddings. Finally, the
refined embeddings (P ′ and M ′ ) were pooled and concatenated,
then passed through a multilayer perceptron to generate in vivo
predictions. 

2.5 Model Training and Evaluation 

All models were implemented in PyTorch v.2.5.1 with PyTorch
Geometric v.2.6.1 and trained on a graphics processing unit
(GPU) NVIDIA TITAN Xp. Training was limited to 2000 epochs,
with early stopping triggered when validation loss improved 
by < 0.01 over a five-epoch adaptive window. A ReduceLROn-
Plateau scheduler was employed to reduce the learning rate
when validation loss stagnated beyond the defined patience. 
To increase efficiency, pruning techniques were employed to 
terminate both underperforming trials and trials displaying 
unrealistically low initial validation losses, thereby avoiding 
degenerate or overfitting-prone optimization paths. Hyperparam- 
eter tuning was performed using Optuna v.4.2.0, with 150 trials
per architecture to systematically explore the parameter space. 
Optimal configurations are reported in Supporting Information .
Losses were calculated using binary cross-entropy (BCE) with 
logits, computed only over valid labels through a binary mask
𝑚𝑖.𝑡 ∈ {0 , 1 } , which indicates whether sample i possesses an
annotated value for task t . This masking strategy ensures that
only valid entries contribute to the loss. Embedding vectors
generated during training were retained and later projected via
t-distributed stochastic neighbor embedding (t-SNE) and kernel 
density estimation (KDE) to evaluate the structuring of the latent
space across epochs. 

2.6 Statistical Analysis 

Model performance was assessed using accuracy (ACC), false 
positive rate (FPR), false negative rate (FNR), recall, specificity
(SP), positive predicted value (PPV), negative predicted value 
(NPV), geometric (G)-mean, and area under the receiver operat-
ing characteristic (AUROC). All metrics are reported as the mean
± standard deviation (SD) across five independent data splits. 
Advanced Science, 2026
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2.7 Probabilistic Calibration 

Probabilistic calibration was applied in class-imbalanced settings
using a threshold-moving strategy [ 44 ] to adjust the decision
boundaries based on raw predicted probabilities. Thresholds were
evaluated individually for each task across a 0.0–1.0 range with
0.01 increments on the training and validation sets, and optimal
values were defined by the highest G-mean as follows: 

𝜏∗ 𝑡 = arg 𝑚𝑎𝑥 
𝜏∈{ 0 . 00 , 0 . 01 , . . . , 1 . 00 } 

√
𝑟 𝑒 𝑐 𝑎 𝑙𝑙𝑡 ( 𝜏) ⋅ 𝑆𝑃𝑡 ( 𝜏) , 𝑦̂𝑖,𝑡 ( 𝜏) = 1

[
𝑝̂𝑖,𝑡 ≥ 𝜏

]

where recallt ( τ) and SPt ( τ) denote recall and specificity, computed
at threshold τ for task t . The indicator function 1[𝑝̂𝑖,𝑡 ≥ 𝜏] assigns
a binary label 𝑦̂𝑖,𝑡 ( 𝜏) to each prediction 𝑝̂𝑖,𝑡 , with outcome 1 if the
predicted probability is greater than or equal to τ, and 0 otherwise.
The calibrated thresholds 𝜏∗ 𝑡 were subsequently applied to the
test set to reclassify predictions, enhancing the trade-off between
recall and SP while maintaining AUROC. 

2.8 Cross-Attentive Explainability 

Cross-attentive explanations were generated by extracting bidi-
rectional attention matrices between the molecular and pathway
graphs during inference, using M2P and P2M attention weights to
compute node-level importance scores. Formally, the importance
score for a source node i was calculated as: 

hi =
1 |T ( i) |

∑
j∈T( i) 

Aij 

where Aij denotes the cross-attention weight from node i to
target j , and T ( i ) is the set of valid attended targets. In the
M2P direction, i corresponds to a molecular node (atom) and j
to a pathway node (assay). Conversely, in the P2M direction, i
denotes a pathway node and j a molecular node. Interpretability
was enhanced by retaining only the top “k ” attention links
between i and j . Finally, both graphs were rendered in the same
spatial frame, with bidirectional cross-attention links superim-
posed to highlight the most influential molecular–assay interac-
tions. 

2.9 Counterfactual Explainability 

Stochastic perturbations were applied to the molecular and
pathway graphs using rule-based isosteric and valence-preserving
substitutions, and quasi-random assay perturbations derived
from low-discrepancy sequences, respectively. Subsequently, the
importance score of each node i was calculated as follows: 

ℎ𝑖 =
1 

𝐾 

𝐾 ∑
𝑘= 1 

(
𝑝0 − 𝑝

( 𝑘) 

𝑖 

)

where p0 is the predicted probability for the unperturbed graph,
𝑝
( 𝑘) 

𝑖 
is the predicted probability after k -th perturbation of node

i , and K is the number of perturbation samples. Graph-based
clustering was then performed using connected components to
group structurally connected atoms with similar contribution
Advanced Science, 2026
signals, with intra-cluster enhancement applied as: 

Ci = 𝜇c + 𝛾 ( hi − 𝜇c ) 

where Ci is the cluster-enhanced contribution score for atom i ,
𝜇c =

1 

|c|
∑

j∈c hi is the mean contribution c , and γ> 0 is the cluster-
enhancement factor. Laplacian smoothing was subsequently 
applied within each cluster to reduce noise while preserving local
structure as follows: 

ℎ̃𝑖 = 𝛼Ci + ( 1 − 𝛼) 
∑
𝑗 ∈𝑁( 𝑖) 

1 

di 
Cj 

where Cj is the cluster-enhanced score of each neighbor j ∈ N ( i) ,
whereas 𝛼 ∈ [0 , 1 ] balances self-vs-neighbor contributions, N ( i )
is the set of neighbors of atom i , and di = | N ( i )| its degree.
Finally, the ℎ̃𝑖 values are normalized (zero mean, unit variance)
and projected onto 2D graph coordinates for visualization. 

2.10 Benchmarking and Ablation Studies 

Random Forest (RF) and Support Vector Machine (SVM) models
were developed using Tier-1 logits and/or extended-connectivity 
fingerprints with diameter 4 (ECFP4) [ 45 ]. These baselines were
evaluated using a 5-fold cross-validation scheme, with the same
test partitions as for the Tier-2 models to ensure a consistent
comparison framework. Then, the held-out test sets were also
evaluated using the U.S. EPA Collaborative Modeling Project for
Androgen Receptor Activity (CoMPARA) [ 46 ] and Collaborative
Estrogen Receptor Activity Prediction Project (CERAPP) [ 20 ]
consensus models implemented in the OPERA software [ 47 ] to
provide regulatory-grade benchmark references. Furthermore, 
ablation studies were further conducted to quantify the individ-
ual contributions of Tier-1 predictions, molecular graphs, and 
pathway graphs to the overall predictive performance. Pairwise 
differences between selected model outputs were verified using 
two-sample t -tests computed in GraphPad Prism version 8.0.2
(GraphPad Software, San Diego, CA). 

3 Results and Discussion 

3.1 Tier-1 

Tier-1 modeling was designed to predict in vitro responses across
AR- [ 13 ] and ER-mediated [ 14 ] assays, establishing the mechanis-
tic foundation for subsequent in vivo predictions. This strategy
reflects a central assumption of the AOP framework: perturba-
tions at the MIE level can propagate through the downstream
cascade of KEs (MIE→KE1 →KE2 →KE3 →KE4 →KE5 ), which ulti- 
mately culminate in an adverse outcome (AO) at the organism
level. Initially, we compiled a dataset of 7,956 chemicals from the
U.S. EPA ToxCast/Tox21 program (invitroDB v4.1), covering 46 in
vitro assays selected and organized according to the hierarchical
structure of AR- [ 13 ] and ER-mediated [ 14 ] AOPs (Figure 1 ). 

As shown in Figure 1a , 20 in vitro assays were prioritized to cap-
ture key mechanistic checkpoints along the androgen signaling 
axis. This panel comprised three AR-binding assays (MIE), two
co-regulator recruitment assays (KE1), one chromatin-binding 
5 of 23
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FIGURE 1 Graphical representation of the (a) AR- and (b) ER-mediated AOPs based on Tox21/ToxCast assays. 
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assay (KE2), two transcription-factor regulation assays (KE3),
five gene-expression assays (KE4), two cell-proliferation assays
(KE5), and five cytotoxicity assays. Similarly, the estrogen sig-
naling axis (Figure 1b ) was represented by 26 in vitro assays
that mirror its hierarchical organization. This panel included
three receptor-binding assays (MIE), six dimerization and co-
regulator recruitment assays (KE1), two chromatin-binding
assays (KE2), four transcription-factor regulation assays (KE3),
six gene-expression assays (KE4), one cell-proliferation assay
(KE5), and four cytotoxicity assays. In both AOPs, cytotoxicity
assays were incorporated to provide critical biological context
for interpreting agonistic and antagonistic signatures, helping to
distinguish true receptor-mediated pathway perturbations from
nonspecific effects driven by generalized cell stress or loss of
viability [ 48, 49 ]. In contrast, neither the AR- nor ER-related
assay panels incorporate metabolic competence or toxicokinetic-
related processes. As a result, assay-derived AOP cascades may
not capture mechanisms that require metabolic activation or
6 of 23

v

detoxification, which are known to alter endocrine disruption in
vivo. 

MIEs and KEs were subsequently used to train multitask learning
models to predict AR- and ER-mediated responses. Modeling 
this dataset poses a substantial challenge, as the imbalance
ratio remained consistently high across training (0.866 ± 0.095),
validation (0.868 ± 0.089), and test (0.867 ± 0.099) sets, high-
lighting the predominance of inactives (Figure 2a ). To address
this, four multitask GNN architectures were explored (MPNN, 
GAT, GIN, and AttentiveFP), each optimized with virtual node
embeddings, skip connections, and JK mechanisms to improve 
chemical semantic representation and mitigate oversmoothing 
and oversquashing during training (Figure 2b ). Performance 
evaluation revealed global AUROC values of 0.84 ± 0.015 for
MPNN, 0.83 ± 0.007 for GAT, 0.81 ± 0.008 for GIN, and 0.78
± 0.042 for AttentiveFP, identifying the multitask MPNN as
the most effective backbone for Tier-1 predictions (Figure 2c ).
Advanced Science, 2026
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FIGURE 2 Statistical characteristics of multitask GNNs for predicting outcomes of in vitro AR- and ER-mediated assays. (a) Imbalance ratios 
across training, validation, and test splits. (b) Schematic representation of multitask GNNs with virtual node, skip connections, and Jumping Knowledge 
mechanisms. (c) Global AUROC values of four GNN backbones. (d) Comparison of default vs. uncertainty-weighted loss across GNNs. (e) Global 
performance metrics of the uncertainty-weighted MPNN and corresponding confusion matrix computed on the test set. (f) Predicted probability 
distributions showing class imbalance and suboptimality of the 0.5 threshold. (g) Global performance metrics of the calibrated MPNN model and the 
corresponding confusion matrix computed on the test set. (h) Task-level G-mean values for default, uncertainty-weighted, and calibrated models across 
the AR- and ER-mediated AOPs, highlighting the performance gains achieved through the multi-step optimization pipeline. Individual points and 
shaded bands represent task-level means over five independent data splits; metrics are reported as mean ± SD. 
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Detailed statistical characteristics for all multitask GNN models
are provided in Table S4 . 

To further address heterogeneity across tasks, we implemented a
homoscedastic uncertainty weighting approach [ 43 ] to adaptively
balance loss contributions during multitask learning. In this
approach, each task is assigned a trainable variance parame-
ter that downweights highly uncertain tasks, preventing them
from dominating the optimization process. Meanwhile, a reg-
ularization term penalizes inflated variance estimates to avoid
trivial solutions. As shown in Figure 2d , introducing uncertainty
weighting consistently improved performance across all GNN
Advanced Science, 2026
backbones. For the MPNN, the global AUROC increased from
0.84 ± 0.015 to 0.86 ± 0.007 ( + 2.4%), reinforcing its role as
the strongest baseline architecture. The GAT model exhibited a
similar gain, rising from 0.83 ± 0.007 to 0.85 ± 0.002 ( + 2.4%),
while the GIN backbone improved from 0.81 ± 0.008 to 0.83 ±
0.011 ( + 2.5%). AttentiveFP showed the most significant relative
increase, from 0.78 ± 0.042 to 0.83 ± 0.008 ( + 6.4%), reflecting a
substantial benefit from task-dependent uncertainty modulation. 

As shown in Figure 2e , the uncertainty-weighted MPNN achieved
high overall ACC on the test set (0.89 ± 0.005), reflecting its strong
ability to classify the dominant inactive class. Nevertheless, the
7 of 23
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severe class imbalance resulted in an asymmetric error profile:
SP remained high (0.97 ± 0.006), whereas recall was substantially
lower (0.35 ± 0.040), indicating that a significant fraction of
actives was systematically misclassified. This imbalance was
further captured by the G-mean, which remained modest (0.58
± 0.032), despite the high discriminative ability indicated by the
AUROC (0.86 ± 0.007). The distribution of predicted probabilities
(Figure 2f ) further illustrates this bias, with inactives clustering
near zero and most actives falling below the standard 0.5 decision
boundary, highlighting that this default threshold is not optimal
in such an imbalanced setting. 

Probabilistic calibration [ 44 ] was then applied to the best-
performing model (MPNN) using task-specific thresholds opti-
mized by G-mean. This calibration effectively shifts the decision
boundaries on a task-by-task basis, moving them away from
the default 0.5 threshold toward values that balance recall and
SP. As shown in Figure 2g , this strategy markedly increased
recall (0.72 ± 0.017) while maintaining balanced SP (0.82 ±
0.011). Consequently, the test-set G-mean increased from 0.58
± 0.032 to 0.77 ± 0.006, representing an approximately 33%
relative improvement. At the individual-assay level (Figure 2h ),
the multi-step optimization pipeline, comprising the default
models, uncertainty weighting, and subsequent task-specific
threshold calibration, yielded systematic improvements in G-
mean across most AR- and ER-mediated endpoints. Calibra-
tion consistently improved performance stability across tasks
and increased their corresponding G-mean values, particu-
larly for assays most affected by severe class imbalance. Only
a small subset of endpoints showed minimal improvement,
reflecting intrinsic limitations imposed by the extreme spar-
sity of active samples and the high imbalance ratios in those
tasks. 

3.2 Tier-2 

Tier-2 modeling was designed to predict in vivo endocrine
outcomes, specifically the Hershberger and uterotrophic assays,
by integrating chemical features with pathway-derived logits
from the Tier-1 model. The Hershberger dataset [ 33 ] comprised
136 compounds, with activity defined by androgen-dependent
changes in the weights of accessory sex tissues. The uterotrophic
dataset [ 34 ] comprised 118 compounds, where estrogenic activity
was determined by measuring uterine weight changes in imma-
ture or ovariectomized female rodents. Notably, compiled in vivo
data provided broad coverage of the ToxCast/Tox21 chemical
space (Figure 3a ), indicating that the Tier-2 sets are broadly
aligned with the chemical diversity covered by these assays. 

To expand the limited sample size of both assays, we applied a
structured data augmentation strategy that incorporated putative
inactive compounds in both datasets. The data augmentation
expanded the Hershberger dataset by adding 717 compounds and
increased the uterotrophic dataset to a total of 747 compounds.
Approximately 82% of the augmented entries met the criteria
for hard negatives, defined as compounds exhibiting activity in
parallel biological pathways or unrelated assay endpoints while
remaining consistently inactive across AR- and ER-mediated MIE
and KE5 assays. As shown in Figure 3b , the Hershberger dataset
consisted of 69 positive and 785 negative samples (imbalance ratio
8 of 23
= 0.92), while the uterotrophic dataset comprised 64 positive and
801 negative samples (imbalance ratio = 0.93). 

Subsequently, a mechanistic context was incorporated by gen- 
erating pathway graphs derived from the AR- and ER-mediated
AOPs, in which nodes represent individual Tier-1 assays and
edges encode their hierarchical relationships and co-occurrence 
patterns. These pathway graphs were integrated with molecular 
graphs through a multimodal GNN architecture (Figure 3c ),
where message-passing layers (MPNN, GAT, GIN, or Atten- 
tiveFP) processed each graph separately, and bidirectional cross-
attention blocks enabled information exchange between them. 
The refined molecular and pathway embeddings were pooled and
concatenated, yielding optimized representations for predicting 
in vivo outcomes. 

All multimodal GNN architectures demonstrated strong predic- 
tive performance for the Hershberger assay, with test set AUROC
values consistently above 0.95 (Figure 3d ). Detailed statistical
outputs for all models are provided in Table S5 . Among them,
the calibrated GAT-based model (probability threshold = 0.08 
± 0.075) yielded the best test set AUROC (0.97 ± 0.014). This
model also reached the highest ACC (0.91 ± 0.050), together
with the highest ACC (0.91 ± 0.050) and a favorable balance
between recall (0.87 ± 0.088) and specificity (0.91 ± 0.062).
These metrics reflect a G-mean of 0.89 ± 0.024, consistent
with the behavior observed in the associated confusion matrix
(Figure 3e ). Training dynamics supported the robustness of this
model (Figure 3f ), with both the training and validation losses
converging stably across the five seeded data splits. In addition,
the t-SNE projection at the optimal epoch (Figure 3g ) revealed a
clear separation between positives (orange) and negatives (gray). 
The corresponding KDE distributions confirmed minimal over- 
lap between the two classes, highlighting the model’s ability to
generate well-structured latent representations that discriminate 
against AR-mediated responses. 

Multimodal GNNs also achieved strong performance in the 
uterotrophic assay, with all architectures achieving test-set 
AUROC values above 0.96 (Figure 3h ). Detailed statistical outputs
for all models are provided in Table S6 . Among them, the
uncalibrated AttentiveFP-based model (probability threshold = 

0.50) yielded the best overall results, achieving a test set AUROC
of 0.97 ± 0.008. This model maintained high ACC (0.96 ±
0.023) and demonstrated the most balanced trade-off between 
recall (0.89 ± 0.030) and SP (0.96 ± 0.026), resulting in a G-
mean of 0.93 ± 0.012 (Figure 3i ). Training dynamics further
confirmed the robustness of this architecture (Figure 3j ), with
both the training and validation losses converging smoothly and
consistently across the five data splits. The t-SNE projections of
learned embeddings (Figure 3k ) revealed distinct clustering of
positives (orange) and negatives (gray), with minimal overlap in
KDE density, reinforcing the strength of AttentiveFP in modeling
ER-mediated responses. 

3.3 Benchmarking and Ablation Studies 

We benchmarked the proposed Tier-2 multimodal models against 
standard machine learning baselines (SVM and Random Forest
using ECFP4) and U.S. EPA reference models (CoMPARA [ 46 ]
Advanced Science, 2026
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FIGURE 3 Statistical characteristics of multimodal GNN framework for predicting outcomes in Hershberger and uterotrophic assays. (a) t-SNE 
projection of the original Hershberger and uterotrophic datasets onto the ToxCast/Tox21 chemical space. (b) Distribution of positive and negative samples 
in the Hershberger and uterotrophic datasets after data augmentation. (c) Schematic representation of the overall multimodal GNN architecture. (d) 
Test set AUROC and G-mean performances of multimodal GNN backbones (MPNN, GAT, GIN, AttentiveFP) for the Hershberger assay. (e) Performance 
metrics and confusion matrix of the best Hershberger model (GAT-based). (f) Training and validation loss curves for the GAT Hershberger model. 
(g) t-SNE projection of Hershberger predictions at the optimal epoch (epoch 29), illustrating separation of active and inactive compounds together 
with corresponding KDE density profiles. (h) Test set AUROC and G-mean performances of multimodal GNN backbones for the uterotrophic assay. (i) 
Performance metrics and confusion matrix of the best uterotrophic model (AttentiveFP-based). (j) Training and validation loss curves for the AttentiveFP 
uterotrophic model. (k) t-SNE projection of uterotrophic predictions at the optimal epoch (epoch 73), with corresponding KDE density distributions. 
Individual points in boxplots represent values from five independent test splits; metrics are reported as mean ± SD. 
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and CERAPP) [ 20 ]. As shown in Figure 4a , the multimodal
GAT model developed for the Hershberger assay achieved sub-
stantially higher AUROC values compared with SVM (0.72 ±
0.021) and Random Forest (0.83 ± 0.033), with all pairwise
differences reaching strong statistical significance (two-sample
t -tests, p < 0.001). The multimodal model also outperformed
the CoMPARA consensus model (0.89 ± 0.014), representing a
highly significant improvement ( p < 0.001). In the uterotrophic
baseline (Figure 4b ), our multimodal AttentiveFP model also
outperformed both SVM (0.82 ± 0.019) and Random Forest (0.84
± 0.020), again with strong statistical support ( p < 0.001). In
Advanced Science, 2026
contrast, the comparison with CERAPP (0.98 ± 0.008; p > 0.05)
showed no statistically significant difference, indicating that the 
two models perform equivalently. 

We then assessed the predictive value of simpler input represen-
tations by evaluating SVM and Random Forest models combining
ECFP4 fingerprints and Tier-1 logits. In the Hershberger assay
(Figure 4c ), the SVM baseline achieved an AUROC of 0.84 ±
0.068, representing a significant improvement over its ECFP4- 
only counterpart ( + 16.7%). The Random Forest model reached
0.87 ± 0.041, which corresponds to a small reduction relative
9 of 23
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FIGURE 4 Benchmarking and ablation studies of multimodal GNNs for predicting outcomes in Hershberger and uterotrophic assays. (a,b) 
AUROC comparison of ECFP4-based SVM and Random Forest baselines and the U.S. EPA consensus models (CoMPARA, CERAPP) against the 
proposed multimodal GNNs. (c,d) AUROC comparison of SVM and Random Forest baselines generated from ECFP4 fingerprints and Tier-1 logits 
against the proposed multimodal GNNs. (e-f) AUROC comparison of the proposed multimodal GNNs with the top-k AOP-level algorithm and ablated 
GNN architectures. Individual points in boxplots represent values from five independent test splits; ns = not significant difference; * p < 0.05; * * p < 

0.01; * * * p < 0.001 (two-sample t-tests). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ALGORITHM 1 Top- k algorithm for in vivo endocrine disruption 
classification 

1: Input : Tier-1 predictions P , thresholds τ
2: Initialize selected tasks T 
3: while session active do 
4: Binarize B = [ P ≥ τ] 
5: Apply viability filter→ B ′ 
6: Identify effective tasks E 
7: Count active levels 𝐿 = |{𝓁 ∈ levels |∃𝑗 ∈ E ∶ B′∶ , j = 1 } |
8: if L ≥ Lmin or 

∑
j∈E 𝐵

′
∶ , j ≥ k then 

9: Assign toxic 
10: else non-toxic 
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to its counterpart ( − 1.2%). Both approaches, however, remained
significantly below the multimodal GAT model ( p < 0.01). A
similar pattern was observed in the uterotrophic assay. As shown
in Figure 4d , the SVM model (AUROC = 0.78 ± 0.055) showed a
small decrease compared with its ECFP4-only version ( − 4.9%),
whereas the Random Forest model improved slightly (0.90 ±
0.032; + 7.1%). Nonetheless, both models underperformed relative
to the multimodal AttentiveFP model ( p < 0.01 and < 0.05,
respectively). 

Subsequently, an ablation analysis was conducted to assess
the contribution of each information source (Tier-1 model,
molecular graphs, and pathway graphs) to the overall predictive
performance of the Tier-2 models. Initially, the top- k method
(A lgorithm 1) was developed to evaluate whether the extent of
perturbation across MIEs and KEs could serve as a proxy for in
vivo responses. This approach classifies a compound as positive
when the number of activated levels (MIEs and KEs) within the
AOP exceeds a predefined threshold, reflecting the principle that
progression across multiple key events increases the likelihood of
an adverse outcome [ 50, 51 ]. 

As shown in Figure 4e , the top- k classifier for the Hershberger
top- k predictor achieved an AUROC of 0.84 ± 0.015 ( − 13.4%),
10 of 23

v

which was significantly lower than the multimodal GAT model
( p < 0.001). A similar pattern emerged for the uterotrophic top-k
predictor (Figure 4f ), which achieved an AUROC of 0.86 ± 0.008
( − 11.3%), significantly lower than the multimodal AttentiveFP
model ( p < 0.001). These findings indicate that aggregated per-
turbations across MIEs and KEs capture meaningful AOP-level 
Advanced Science, 2026
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progression. However, this rule-based representation lacks the
pathway-level relational structure needed to match the predictive
performance of our multimodal framework. 

Ablation of individual components of multimodal architecture
revealed distinct contributions from the molecular and path-
way representations. In the Hershberger assay (Figure 4e ), the
molecular-only model achieved an AUROC of 0.86 ± 0.065
( − 12.1%), while the pathway-only model reached 0.92 ± 0.027
( − 5.4%). However, both ablations remained significantly below
the multimodal GAT model ( p < 0.05 and < 0.01, respectively).
In the uterotrophic assay (Figure 4f ), the molecular-only model
reached an AUROC of 0.81 ± 0.029 ( − 16.5%), whereas the
pathway-only model achieved an AUROC of 0.89 ± 0.048 ( − 8.2%).
Both ablations again underperformed relative to the multimodal
AttentiveFP model ( p < 0.001 and p < 0.05). Overall, each
modality provides meaningful information, but neither achieves
the predictive performance of the multimodal framework, under-
scoring the need for molecular–pathway fusion for optimal Tier-2
prediction. 

4 Retrospective Analysis with Literature 
Compounds 

To further interrogate the robustness and translational value
of the Tier-2 models, a retrospective analysis was performed
using compounds identified through a systematic literature
review. Equivocal or conflicting reports, as well as mixtures and
compounds associated with systemic effects such as changes
in body weight, were excluded from the analysis. This eval-
uation included 18 chemicals with androgen-related outcomes
directly relevant to the Hershberger assay and 26 chemicals
with estrogen-related outcomes relevant to the uterotrophic assay
(Tables 1 and 2 ). The selected compounds encompassed both
substances tested in OECD guideline studies and others with
well-documented in vivo outcomes strongly indicative of the
same endocrine endpoints, thereby providing a stringent and
diverse benchmark for model assessment. 

Application of the Tier-2 framework to this independent dataset
revealed strong concordance between predicted and observed
outcomes. The Hershberger model correctly classified 15 of 18
compounds (88%), while the uterotrophic model achieved the
same level of accuracy, correctly identifying 23 of 26 cases
(88%). These results align with the performance ranges typically
reported for widely used benchmark frameworks. In this dataset,
CoMPARA correctly predicted 13 of 18 Hershberger-relevant
compounds (72%), and CERAPP accurately classified 21 of 26
uterotrophic compounds (81%). 

Among the compounds evaluated, specific examples illustrate
the predictive capacity of the Tier-2 framework. Padimate-O
(CAS no. 21245-02-3), a UV-B sunscreen filter, was accurately
predicted as positive in the Hershberger assay by our multimodal
GAT model (probability = 0.12; threshold = 0.08). Consistent
with experimental evidence, in vivo studies report decreases in
glans penis, bulbocavernous muscle complex, and seminal vesicle
weights in rats orally exposed to 1000 mg/kg/day for 10 days [ 52 ].
In contrast, ensulizole (CAS no. 27503-81-7), another UV filter,
was correctly predicted as negative (probability = 0.004; threshold
Advanced Science, 2026
= 0.08), in agreement with Hershberger assays, which showed no
alterations in androgen-dependent tissues up to the limit dose of
1000 mg/kg/day [ 53 ]. 

The application of the Tier-2 framework to the uterotrophic assay
further illustrates the alignment between predicted outcomes 
and experimental evidence. The compound 4,4 ′ -butylidenebis[6- 
tert-butyl-3-methylphenol] (CAS no. 85-60-9), an antioxidant 
widely used in polyolefins and rubber applications, was accu-
rately predicted as positive in the uterotrophic assay by our
multimodal AttentiveFP model (probability = 0.83, threshold 
= 0.50). Experimental evidence supported this prediction, with 
in vivo uterotrophic studies reporting a significant decrease in
uterine weight in mice following exposure at 100 mg/kg/day for 7
days [ 64 ]. In contrast, 2-ethylhexyl diphenyl phosphite (CAS no.
15647-08-2), an antioxidant commonly employed in plastics and 
rubber manufacturing, was predicted as negative for uterotrophic
activity (probability = 0.001, threshold = 0.50). This prediction
was consistent with in vivo data, as no alterations in uterine
weight were detected in mice exposed to doses ranging from 15
to 1000 mg/kg/day over 7 days [ 64 ]. 

5 Tier-2 Explainability 

In addition to assessing the model’s performance, it is often bene-
ficial to examine the trained model’s “black box” to gain a deeper
understanding of which molecular substructures and pathway- 
level assays most strongly drive in vivo endocrine disruption. To
enable explainability, the present framework incorporates two 
original strategies designed in this study: cross-attention mapping 
and counterfactual perturbations. Cross-attention analysis was 
performed bidirectionally, mapping pathway assays to molec- 
ular substructures (P2M) and, conversely, linking molecular 
nodes back to their most influential AOP assays (M2P). This
dual perspective provides model-derived, non-causal associa- 
tions between atomic features and AR- and ER-mediated assay
nodes, highlighting how chemical motifs relate to pathway-level 
perturbation patterns learned by the model. Complementing 
this mechanistic mapping, counterfactual perturbations were 
employed to generate alternative scenarios, enabling the evalua- 
tion of how molecular modifications or pathway disruptions may
alter downstream outcomes. 

To illustrate how the Tier-2 framework provides mechanistic 
interpretability for endocrine disruption predictions, we first 
examined two representative compounds (Figure 5 ): fenitrothion
(CAS no. 122-14-5), predicted as positive (probability = 0.94) in the
Hershberger assay, and 1,1,1-tris(4-hydroxyphenyl)ethane (THPE, 
CAS no. 27955-94-8), predicted as positive (probability = 0.88) in
the uterotrophic assay. 

The multimodal GAT model’s explainability of fenitrothion as 
a positive endocrine is fully consistent with its experimen-
tally established mechanism as a competitive AR antagonist. 
Fenitrothion has been shown to exhibit antagonist potency 
comparable to the pharmaceutical antiandrogen flutamide and 
to surpass known environmental antiandrogens such as linuron
and p,p’-DDE in antagonist in vitro assays [ 72 ]. As shown in
Figure 5a , P2M analysis identified strong associations between
the molecule’s thiophosphoryl and aromatic moieties and several 
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FIGURE 5 Integrative cross-attention (non-causal) and counterfactual analyses illustrating the mechanistic interpretability of Tier-2 predictions 
for (a) fenitrothion (Hershberger positive) and (b) THPE (uterotrophic positive). 
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nodes within the AR-mediated pathway. This analysis assigned
a strong positive influence (red nodes) to early-stage events,
including the receptor binding (MIE), chromatin binding (KE2),
and transcription factor regulation (KE3). This pattern reflects the
compound’s ability to engage the AR signaling axis from its initial
Advanced Science, 2026
steps, a behavior aligned with its known role as a competitive AR
antagonist. However, it is worth noting that our prediction model
does not consider the compound’s metabolic activation, which 
may be relevant for some organophosphate pro-toxicants. On the
other hand, the M2P and counterfactuality maps show a robust
19 of 23

e C
om

m
ons L

icense



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 21983844, 2026, 21, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/advs.202519897 by U

N
IV

E
R

SID
A

D
E

 FE
D

E
R

A
L

 D
E

 G
O

IA
S, W

iley O
nline L

ibrary on [29/09/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reativ
concentration of influence specifically linking the molecule’s
thiophosphoryl group to androgen-dependent gene expression
assays (KE4) and to cell-proliferation outcomes (KE5), both of
which display strong antagonistic signatures characterized by
pathway inhibition rather than activation. 

The multimodal AttentiveFP model’s explainability of THPE
as a positive endocrine disruptor in the uterotrophic assay is
the mode of action. This alignment reflects the presence of
para-hydroxylated aromatic rings, structural motifs commonly
associated with ER agonism. As shown in Figure 5b , the P2M
analysis identified strong associations between these aromatic
hydroxyl groups and multiple nodes across the ER-mediated
pathway, highlighting them as the key structural determinants
driving the model’s prediction. This analysis assigned a pro-
nounced positive influence (red nodes) to early-stage events,
particularly the ER binding (MIE), receptor dimerization (KE1),
and chromatin binding (KE2). A similar pattern was observed
in the counterfactuality map, which likewise emphasized these
early pathway events as the principal drivers of the compound’s
positive prediction. These results suggest that the compound
prediction was impacted by directed ER-mediated effects, a
behavior characteristic of bisphenols [ 73–76 ]. 

In contrast, the M2P map assigned greater attention to the THPE’s
quaternary carbon, linking it to more advanced stages of the
AOP. This complementary behavior shows that the bidirectional
cross-attention mechanism attends to distinct regions of the path-
way: P2M focuses on early initiating events, and M2P captures
downstream biological responses. At KE3, the model highlighted
associations with transcription factor downregulation, a pattern
consistent with an antagonist-like activity. At KE4, the associ-
ations were directed toward cytotoxicity-filter assays within the
antagonist panel, further indicating that the model captured
downstream perturbations. These observations are consistent
with in vivo findings for THPE, which has been shown to exert
antiestrogenic effects in uterine-development assays in mice,
including suppressed uterine growth and downregulation of
estrogen-responsive genes at low doses [ 77 ]. 

6 Conclusion 

This work introduces an innovative multimodal cross-attentive
framework that fuses chemical graph information with AOP-
anchored, assay-level signals to predict organism-level endocrine
outcomes. The multi-tier design, composed of multitask Tier-
1 models that learn AR/ER MIEs and KEs, followed by Tier-2
cross-attentive models, achieved high and consistent predictive
performance for both Hershberger and uterotrophic endpoints.
It outperformed single-source baselines in ablation studies and
exhibited strong generalization in retrospective analyses. The
framework also produces interpretable predictions by revealing
how molecular substructures align with AR- and ER-mediated
events across the AOP (MIE→KE5). This bidirectional perspec-
tive clarifies how specific chemical motifs propagate into and
modulate pathway-level perturbation patterns that ultimately
drive each in vivo decision. In summary, our computational
framework is an IATA-compliant tool for early virtual screening
of endocrine disruptors. Developed models can substantially
reduce redundant animal testing and support more efficient
20 of 23
allocation of experimental resources. At the same time, Tier-
2 predictions should be interpreted with key limitations in
mind. These include constraints imposed by the chemical space,
as reflected by scaffold splitting behavior (Table S2 ), potential
species- and strain-specific differences, untested dose–response 
regimens, and the inability to fully represent mixture effects, cell–
cell interactions, epigenetic modifications, tissue- and context- 
dependent signaling, and higher- order homeostatic regulation 
in vivo. In addition, our AR- and ER-focused framework does
not encompass other biologically relevant endocrine-disruption 
mechanisms, such as thyroid hormone signaling, steroido- 
genic enzymes, retinoid pathways, and peroxisome proliferator- 
activated receptor-mediated responses. Finally, our work does 
not incorporate explicit toxicokinetic properties, which may 
substantially influence endocrine disruption in vivo. In summary,
our framework offers a practical and mechanistically grounded 
path toward more efficient screening and prioritization within 
modern IATA-based regulatory programs. 
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