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Highlights

e Aquatic toxicity datasets
covering six endpoints
expanded chemical
coverage by 66.0%
on average.

e MTL-GCN achieved
high prediction
accuracy and broad
applicability domains.

e MTL-GCN with ADsaL

enabled reliable screening

with 94.7% coverage.

Abstract: High-throughput computational models are essential for regulatory
screening of large chemical inventories for aquatic toxicity, while their performance
is frequently constrained by limited datasets, inadequate exploitation of inter-endpoint
correlations, and lack of applicability domain (AD) characterization. This study curated
a regulation-oriented aquatic toxicity dataset comprising 17,514 chemicals across six
ecotoxicological endpoints. An end-to-end multi-task learning graph convolutional
network (MTL-GCN) was constructed to enable joint modeling of multiple toxicity
endpoints. Relative to single-task learning (STL-GCN), the MTL-GCN improved the
area under the receiver operating characteristic curve by 0.4~13.4% across the six
endpoints. A weight similarity parameter (Pws) was calculated, indicating that MTL
effectively captures intrinsic correlations among endpoints. The integrated attention
mechanism enhanced interpretability by identifying aquatic toxicophores. AD
characterization method based on the structure-activity landscape (ADsaL) analysis
confirmed that MTL-GCN improves in-domain screening accuracy while maintaining
comparable coverage to STL-GCN. When applied to 783,681 inventory chemicals, the
combined MTL-GCN and ADsaL framework achieved reliable screening with 94.7% of
chemicals located in the AD of at least one endpoint. The constructed dataset and the
MTL-GCN framework establish benchmarks for aquatic toxicity prediction and provide a
robust method for large-scale ecological hazard assessment.
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While promoting economic development and
improving human life quality, chemicals are inevitably
released into the environment and lead to environmental
contamination. In particular, a substantial proportion of
water pollution incidents are caused by chemical
pollution [1-4]. Chemicals in water can lead to a series of
adverse effects on human and ecological health [3-5].
Consequently, assessing aquatic toxicity of chemicals is
essential for hazard identification and regulatory control.
Major regulatory frameworks, such as the Registration,
Evaluation, Authorization and Restriction of Chemicals
(REACH) regulation [6], the US Toxic Substances Control
Act (TSCA) [7], and China’s Measures for the Environmental
Management Registration of New Chemical Substances [8],
mandate rigorous aquatic acute and chronic toxicity
testing for chemicals. Consistent with the Globally
Harmonized System of Classification and Labelling of
Chemicals (GHS) [9], these regulations require the
evaluation of acute and chronic toxicity using fish,
crustaceans, and algae as representative organisms.
Assessing these six endpoints reflects chemical toxicity
across different aquatic trophic levels, ensuring both
regulatory compliance and a systematic evaluation of
aquatic hazards.

Traditionally, aquatic toxicity has been evaluated
through in vivo bioassays employing organisms such as fish,
crustaceans, and algae [10,11]. However, given the rapidly
increasing number of chemicals, experimental methods are
insufficient to meet the demands of sound chemical
management [12,13]. Therefore, there is an urgent need to
develop efficient and accurate screening models to identify
aquatic toxic chemicals [13]. In recent years, machine
learning (ML) has emerged as a powerful tool for diverse
scientific and engineering domains, including materials
science [14-17], climate science [18,19], and ecological
research [20,21]. ML models have been widely employed to
predict the bioactivities of chemicals, including their acute or
chronic aquatic toxicity toward representative organisms
such as fish, crustaceans, and algae [22-36].

Despite the advances, several methodological
limitations remain. First, most existing ML. models rely on
predefined molecular descriptors, which may not
adequately capture the complex structural features
governing toxicological responses [37-40]. In addition,
modeling approaches based on molecular descriptors
require extensive feature engineering, which is time-
consuming and endpoint-specific [22,27,31,40]. Furthermore,
data scarcity for certain endpoints, such as fish chronic
toxicity, hinders the development of robust models using
classical ML methods [41,42]. Under the constraints,
prediction models relying on handcrafted features and
classical algorithms may struggle to learn the highly
nonlinear structure-activity = relationships underlying
chemical toxicity [38,40].

Graph neural networks (GNNs), as an emerging deep
learning (DL) algorithm, have been successfully employed
in chemical toxicity screening, with graph convolutional
networks (GCNs) being a representative example [25,43,44].
Distinct from classical ML methods, GCN operates directly
on molecular graphs (MGs), representing atomic topological
connectivity and neighborhood relationships. The GCN
model takes MGs as inputs and learns the mapping between
structures and toxicity endpoints, thereby achieving end-to-
end learning. Consequently, GNNs automatically extract
informative molecular representations, eliminating the
need for manual feature engineering.

On the other hand, most existing aquatic toxicity
screening models were constructed under a single-task
learning (STL) paradigm, focusing on a single endpoint or
species, such as fish acute toxicity [22,25,27,28,34]. Such
a learning paradigm neglects the intrinsic correlations
among toxicological responses across different species
and endpoints. Multi-task learning (MTL) provides a
principled modeling framework in which a unified model
is constructed and optimized across multiple related
tasks, allowing shared feature representations to be
learned and potentially improving the robustness of
models trained on limited data [45-47]. Accordingly, it is
essential to construct a GCN model integrated with an
MTL strategy (MTL-GCN) to screen the aquatic acute and
chronic toxicity of chemicals across multiple species,
including fish, crustaceans, and algae, thereby effectively
supporting environmental chemical hazard assessment
and serving regulatory needs.

While the efficacy of MTL in improving prediction
accuracy, robustness, and generalization has been
reported [26,45,48], systematic investigations into the
underlying mechanisms responsible for improvements
remain limited. To elucidate the underlying reasons for
the effectiveness of MTL, a weight similarity parameter
(Pws) was designed to quantify the similarity of neuron
weights within neural network layers. Furthermore, Pws
was employed to investigate the association between MTL
modeling performance and key factors reflecting task-
relatedness, including the number of shared molecules
and their label consistency rate (RLc).

Despite the high performance, DL models such as
GCNs are often regarded as “black boxes” due to limited
interpretability, making it difficult to understand the
rationale underlying model predictions [49-53]. Models
intended for regulatory purposes may require mandatory
interpretability steps [54]. Attention mechanisms provide
a promising avenue for enhancing the interpretability of
DL-based toxicity models by enabling the identification of
molecular substructures most relevant to toxicity
screening [55-57]. Beyond interpretability, applicability
domain (AD) characterization represents another critical
approach for ensuring the reliability of model predictions,
yet it has received limited attention in aquatic toxicity
screening studies [22,30,34,58]. The absence of defined




ADs would reduce the reliability of model predictions,
especially when models are used for chemical regulatory
purposes [59-62].

Recently, an AD characterization method based on a
structure-activity landscape (SAL) analysis, ADsaL, has
demonstrated superior performance over other AD
methods in delineating the reliable prediction space of
models for screening toxic chemicals [56,63-65]. It is
expected that the ADsa. method may also be effective in
enhancing the reliability of aquatic toxicity prediction
models within their defined ADs. Given that MTL enables
the learning of shared feature representations across
related endpoints, it holds the potential to expand AD
coverage while maintaining high performance. Although
the capability has not been previously confirmed, it is
crucial to investigate the impact of MTL on AD coverage.

In this study, consistent with regulatory requirements,
acute toxicity datasets for fish, crustaceans, and algae, as
well as their corresponding chronic toxicity datasets,
were curated, and an MTL-GCN screening model was
constructed accordingly. The MTL-GCN model
demonstrated performance superior to that reported in
previous studies. Additionally, the MTL-GCN model
coupled with ADsa. exhibited expanded AD coverage
compared with STL models while maintaining
comparable prediction performance. The optimal model
was subsequently employed to identify aquatic toxic
chemicals from inventories comprising approximately
106 chemicals. Given its state-of-the-art performance and
rigorous AD characterization, the proposed framework
offers a robust tool to support chemical registration and
regulatory decision-making, thereby facilitating sound
chemical management.

According to relevant regulations [6-9] and test
guidelines [66-70], aquatic toxicity data were collected
for six endpoints, including (I) fish acute toxicity
characterized by lethality measured as the median lethal
concentration (LCso, mg/L), (1I) fish chronic toxicity
involving the inhibition of early life-stage growth and
development measured as the no-observed-effect
concentration (NOEC, mg/L), (III) crustacean acute
toxicity defined by immobilization using the median
effective concentration (ECso, mg/L), (IV) crustacean
chronic toxicity focusing on reproduction (NOEC, mg/L),
(V) algal acute toxicity characterized by the inhibition of
average growth rate (ErCso, mg/L), and (VI) algal chronic
toxicity involving the inhibition of average growth rate
(NOEC, mg/L).

To construct a comprehensive dataset, this study
compiled data from peer-reviewed literature [24-32,36],
publicly accessible databases, including ECOTOX [71],
eChemPortal [72], EnviroTox [73], TOXRIC [74], as well as

an aquatic toxicity list provided by the Japanese Ministry
of the Environment (MoE) [75]. The integrated dataset
comprises simplified molecular input line entry system
(SMILES) codes, corresponding chemical toxicity labels,
test species, and exposure durations. Summary
information on the raw data is presented in Table 1.

Table 1. Summary of endpoints and integrated datasets.

Number of Number

Endpoint Raw Data of Species Source
Fish acute 93,643 623 [24,25,27-29,71-75]
toxicity
Fish chronic 2261 72 [71-73,75]
toxicity
Crustacean 13,086 112 [26,31,72,75]
acute toxicity
Crustacean 2163 11 [32,71-73,75]
chronic toxicity
Algal acute 9371 80 [29,33,71,72,75]
toxicity
Algal chronic 5344 63 [71-73,75]
toxicity
All  records were systematically cleaned,

standardized, and curated through a series of data
processing steps prior to model development to ensure
compliance with established regulations [6-9] and test
guidelines [66-70]. Records with exposure durations
inconsistent with relevant test guidelines [66-70] were
excluded. For instance, fish acute toxicity data were
restricted to 96-h LCso measurements. In addition,
according to GHS regulations [9], organisms were
categorized into three groups, including fish, crustaceans,
and algae. For each endpoint, only test species that
satisfied the corresponding regulatory guidelines were
retained. Detailed descriptions of the curation procedures
and endpoint-specific exposure duration criteria are
provided in the Supporting Information (SI).

Following the processing steps, continuous toxicity
measurements were discretized into binary toxic/non-
toxic labels in accordance with the GHS [9] to support the
construction of high-throughput screening models.
According to GHS [9], for the acute toxicity endpoints,
compounds were classified as toxic when fish 96 h LCsy,
crustacean 48 h ECso, or algal 72 h ErCso values were
<100 mg/L, and as non-toxic when these values were
>100 mg/L. For the chronic toxicity endpoints,
compounds were classified as toxic when NOEC values for
fish, crustaceans, or algae were <1 mg/L, and as non-toxic
when these values were >1 mg/L.

Chemical structures were standardized through
SMILES processing, including desalting, desolvation,
inorganic molecule filtering, charge neutralization, and
canonicalization [45,55,76-78]. Salts and solvents were
removed because they may interfere with descriptor
calculation and structural encoding [45,76-78]. Inorganic
molecules that could not be converted into molecular
graphs were excluded [45,55,78]. Charge neutralization




and canonical SMILES generation were subsequently
applied to reduce inconsistencies arising from alternative
ionic forms or equivalent structural representations and
standardize structural representations for downstream
modeling [45,76-78].

Furthermore, for compounds with multiple
experimental records from disparate sources, all records
were discretized individually and then integrated.
Consistent labels were assigned directly. For inconsistent
labels, a conservative consensus approach was applied,
under which a compound was categorized as toxic if any
record indicated toxicity and as non-toxic only if all
records indicated non-toxicity. The data processing steps
were carried out using the open-source package Data
Integration and Processing for Computational Toxicology,
namely DiPTox (https://pypi.org/project/diptox/, accessed
on 30 November 2025).

The proposed MTL-GCN architecture comprises four
sequential modules, including an MG encoder, a feature
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extractor, task-specific feature generators, and predictors.
To facilitate effective MTL, the feature generator employs
an attention mechanism to transform shared general
features into task-specific toxicity features by assigning
distinct weights to molecular substructures, thereby
facilitating simultaneous prediction for six aquatic
toxicity endpoints. In addition, the attention mechanism
provides a basis for model interpretability by highlighting
the molecular substructures that contribute most to each
toxicity prediction.

Within the framework, each molecule is first
represented as a graph G = (h, e) (Figure 1A), where h and
e denote the node and edge representations encoded from
atomic and bond attributes, respectively. A detailed
description of the features is provided in the SI. MG
construction and feature encoding procedures were
implemented using the Deep Graph Library package [79].
The proposed algorithm was adapted from a general
architecture [80]. And the corresponding configuration of
architecture are summarized in Table S10.
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Figure 1. Workflow of MTL-GCN Architecture, which encompasses four sequential modules: (A) MG encoder, (B) feature

extractor, (C) feature generator, and (D) predictor.

Subsequently, the MGs serve as inputs to feature
extractor (Figure 1B). The shared feature extractor
consisted of an optimized number of GCN layers, utilizing
ReLU as the activation function. This module functions as
a shared representation learning module across the six
aquatic toxicity tasks, thereby enabling effective
knowledge transfer among endpoints. Specifically, the
feature extractor learns local atomic representations
through iterative neighborhood aggregation, in which
information from adjacent atoms and their associated
bonds is progressively integrated. The representation of
each atom is updated by aggregating features from its
local neighborhood according to the following update rule:

mé+l = Z Mt(hé’h;r’e\t»,w) (1)

weN,

where myt+1 denotes the aggregated message vector for
target node v at iteration t + 1; h/ denotes the feature
representation of target node v after t iterations; hw!
denotes the feature representation of neighboring node w

after t iterations; eywt represents the features of the edge
connecting node pairs v and w after t iterations.
Additionally, Nv represents the set of neighboring nodes
connected to node v; and M¢(-) represents a function that
passes the neighbor features to the target node.
Subsequently, the features of the center nodes v were
updated at iteration ¢t + 1 through the function U:(:),
incorporating both molecular structural characteristics
and local chemical information. The resulting atomic
representation encoded not only local node features but also
the structural context of the atom-centered neighborhoods.

h=U, (h,m™") (2)

To capture task-specific characteristics, distinct
task-specific attention layers were introduced for the six
aquatic toxicity tasks, serving as task-specific feature
generators (Figure 1C). The layers assign importance
weights to individual atoms, thereby transforming shared
molecular representations into task-aware features that




emphasize substructures most relevant to each endpoint
while supporting model interpretability. The attention
weights (wvk) are computed as follows:

@, =sigmoid(W, -h,+b,) (3)

where wykx denotes the attention weight of node v for a
specific toxicity task k, quantifying the contribution of the
local substructure centered at atom v to that task; hy
represents the final-layer latent representation of node v
obtained from the feature extractor; the sigmoid(-)
activation function constrains the wvx of each node
between 0 and 1; Wk and br denote the trainable matrix
and the bias vector within the feature generator module
for task k. This attention formulation was designed to
simultaneously support task-specific feature generation
for MTL and enhance model interpretability. In addition,
the number of attention layers was varied during
hyperparameter tuning to evaluate the effect of
alternative attention configurations on model performance.
Subsequently, these features are aggregated to generate a
task-specific feature vector (Fx):

Fo=3 (@) )

Following the attention layer, the resulting task-
adapted molecular representations are propagated
through a predictor to yield final toxicity predictions
(Figure 1D). The predictor consisted of FC layers selected
through parameter tuning. ReLU was used as the
activation function. Collectively, the GCN layers were
designed to extract shared features directly from MGs. The
task-specific attention mechanism facilitates MTL, thereby
enhancing model interpretability. Finally, the FC layers
serve as predictors. To further elucidate how MTL-GCN
captures task-general versus task-specific knowledge, a
weight similarity parameter (Pws) was introduced:

Pos(hy ky) = iV
WS 12%2) —

A ®)
where Pws (ki1, k2) denotes the similarity between neuron
weight matrices of task k1 (Wi1) and task k2 (Wi2); ||W]|
represents the Euclidean norm of the flattened weight
vectors. Pws was calculated for the task-specific feature
generators to quantitatively characterize the extent of
knowledge sharing among toxicity endpoints.

For comparison, STL-GCN models were constructed
for each of the six toxicity endpoints, as detailed in the SI.
In addition, STL models were also developed based on
three classical ML algorithms, including Random Forest
(RF), eXtreme Gradient Boosting (XGBoost), Light
Gradient Boosting Machine (LightGBM), combined with
Avalon, PubChem, Molecular ACCess System (MACCS)
keys and Extended-Connectivity fingerprints. In total,
13 STL-ML models were developed for each endpoint. The
optimal model for each endpoint was selected as the
baseline for comparison with the MTL-GCN model.

For each endpoint, the datasets were randomly split
into training, test, and validation sets at a ratio of 8:1:1.
Specifically, the training, test, and validation sets were
used for model fitting, hyperparameter tuning, and final
evaluation, respectively. To ensure statistical robustness,
ten independent runs were conducted with different
random seeds for data splitting and model initialization.
Model performance was evaluated on the validation sets,
and the reported results are presented as the mean *
standard deviation across the independent runs. For the
classification tasks, model performance was quantified
using the area under the receiver operating characteristic
curve (Aroc) and balanced accuracy (Rga).

Model parameters were optimized using Adam. The
optimal hyperparameter configuration of MTL-GCN was
selected by grid search according to model performance
on the test set, including the numbers of GCN layers, the
hidden units of GCN layers, the numbers of attention
layers, the hidden units of attention layers, the numbers
of FC layers, and the hidden units of FC layers, dropout
settings, learning rate, weight decay, and batch size. The
parameter configurations for all models were provided in
Tables S10-S13. An additional scaffold-based splitting
strategy was adopted for model evaluation, and the
corresponding results were provided in Table S8.

An AD characterization method ADsa{psq = psT,
Ing < Iat} [64] was adopted, where the SAL represents
variations in activity with molecular similarity
distributions of compounds; psq and Iaq stand for
weighted molecular similarity density of a query
compound represented by the subscript g in chemical
space of the training set, and weighted inconsistency in
molecular activities, respectively; pst and Iar are the
corresponding thresholds. Therefore, a higher psq
indicates that the query compound shares greater
structural similarity with the training compounds,
resulting in a relative reliable prediction. In parallel, a
higher Iaq indicates that the query compound is more
likely located within activity cliffs. These activity cliffs are
formed by molecules with similar structures but conflicting
activity, corresponding to larger prediction errors and
lower model reliability. The ADsaL method has been proved
to outperform the ADs in previous studies [64,76,81]. psgq
and Iaq were calculated as follows:

los,q = qu,t (6)

teT

where the subscripts g and t represent a query compound
and a training compound, respectively; T represents the
entire training set; wq stands for a weight function for the
pair of compounds g and t. The weight function wg., which
is associated with a parameter (a) for modulating




weighted contributions, was assessed for calculating ps. Ia
was calculated as follows:

z Wy 'SWDz
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where Swp, stands for weighted local discontinuity scores
(Swp) for the training compound (t). Various pst and Iat
values were defined to evaluate their effects on the
number of compounds (n) kept within the AD and on the
model performance. More details on the ADsaL calculation
are provided in the SI.

On this basis, ADsaL was employed to characterize the
AD of the proposed MTL-GCN model. For consistency, the
same AD characterization was conducted for the STL-GCN
models. A comparative analysis of the AD coverage and
prediction reliability was performed to evaluate whether
the MTL framework enhances AD coverage relative to STL
models. In addition, ADsaL was further compared with a
leverage-based AD method for the MTL-GCN and the
corresponding results are presented in Table S18.
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The total number of raw toxicity records initially
collected is provided in Figure 2A,B, which present the
number of unique chemicals retained after DiPTox
curation, together with corresponding statistics from
representative prior studies [24-32,36] and public
databases [71-75]. The results demonstrate that the
endpoint-specific aquatic toxicity datasets constructed in
this study exhibit substantially broader coverage than
previously reported datasets [24-32,36]. Relative to the
largest datasets currently available [24-32,36,71-75], the
number of unique chemicals increased by an average of
66.0% across all endpoints, with the most pronounced
expansion observed for fish chronic toxicity (140.9%
increase). The results indicate a substantial expansion of
chemical space coverage within the modeling datasets
following standardized data processing.
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Figure 2. Construction and comparative analysis of the aquatic toxicity datasets: (A) comparison of the number of raw
toxicity records (N) collected in this study with those reported in prior studies [25-29,31,33,82] or databases [70,71,73-75]
for corresponding endpoints; (B) the number of unique chemicals (n) retained after DiPTox processing, together with the

number of species covered.

In addition to the increase in unique chemicals, the
constructed datasets demonstrate broad species coverage,
encompassing 116 fish species, 28 crustacean species and 54
algal species. Overall, the constructed datasets contain larger
data counts compared to existing datasets [24-32,36,71-75]
and cover a wide number of species, supporting the
construction of robust screening models for regulatory
purposes. The datasets are provided in Tables S1-S6. The
specific counts of toxic and nontoxic compounds for each
endpoint are summarized in the Supplementary Materials.

To further evaluate the representativeness of the
constructed datasets, their chemical communities were
systematically compared with those of reference datasets,
which were derived from prior studies [26,27] and public
databases [71,72] with the largest number of chemicals.

Here, chemical communities refer to structurally coherent
clusters of compounds, and the computational procedures
and visualization details are described in the
Supplementary Materials.

The constructed datasets consistently encompass a
larger number of distinct chemical communities than the
reference datasets [26,27,71,72] across all endpoints
(Figure 3). Notably, fish chronic toxicity has historically
been characterized by relatively limited data availability.
In this study, the constructed fish chronic toxicity dataset
comprises 36 distinct communities, compared with 30
identified in the reference datasets, representing a 20.0%
increase. Overall, the constructed datasets demonstrate a
broad and diverse coverage of chemical space.
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Figure 3. Comparison of chemical space coverage for six aquatic toxicity endpoints. The number of chemical communities

(N) identified in this study is compared with those reported in representative datasets from prior studies and public

databases [26,27,71,72].

Moreover, the chemical communities represented in
the reference datasets [26,27,71,72] are entirely
embedded within the chemical space of the constructed
datasets, while additional communities are uniquely
captured in the present compilation (Figure S1). The
results suggest that the constructed datasets not only
retain previously characterized chemical domains but
also extend coverage to structurally underrepresented
regions. To quantify chemical diversity, pairwise
Tanimoto similarity distributions were calculated for the
constructed datasets, and the results are shown in Figure S2.
Across all endpoints, the similarity values fell within a low
range, that cases with potential structural redundancy
were relatively limited. The specific computational details
for calculating these similarity metrics are comprehensively
provided in the Supplementary Materials.

The distributions of molecular descriptors relevant
to aquatic toxicity [82-84], including octanol/water
partition coefficient (logKow), molecular weight, atomic
polarizability (APol), and topological polar surface area,
are shown in Figure S3. The relatively close mean values
and the overlapping distribution regions indicate that the
descriptor distributions of the datasets for the six
endpoints were generally concentrated and consistent.
This indicates that the datasets for different endpoints
showed relatively similar distributions of these
physicochemical descriptors, which may facilitate
knowledge sharing in the MTL framework. The detailed
calculation methods for distributions of molecular
descriptors are provided in the Supplementary Materials.

By incorporating additional and previously
underrepresented structural domains, the constructed

datasets enhance chemical space representativeness and
provide a robust data foundation for screening model
development and validation. Consequently, the datasets
constitute a comprehensive dataset for regulatory-grade
modeling to support ecological hazard assessment.

3.2. Performance of the MTL-GCN Model

Performance metrics across the validation sets for
the six aquatic toxicity tasks are summarized in Table 2.
Additional evaluation metrics, including the area under
the precision-recall (PR) curve (Arr), precision (Rp), recall
(Rrp), and Matthews correlation coefficient (Rmcc), are
provided in Table S7. In addition, a scaffold-based
splitting strategy was also examined, and the
corresponding results are provided in Table S8. In terms
of Aroc, scaffold-based splitting led to consistently lower
MTL-GCN performance than random splitting across all six
endpoints, with decreases ranging from 0.7~9.6%. Notably,
random splitting is more widely adopted in previous aquatic
toxicity modeling studies [25,27,32,80,85]. Moreover, the
use of the random splitting protocol enables a direct and
consistent comparison of model performance with
previously reported models [25,32,85], which were also
evaluated under random splitting protocol. Therefore, all
subsequent analyses and applications in this study were
conducted based on the random splitting protocol.

Overall, the proposed MTL-GCN achieved consistently
superior performance relative to the corresponding STL
models under the present evaluation framework, and
previous best models (Tables 2 and S7) [25,32,85]. In
terms of Aroc, MTL-GCN achieved improvements over the
STL-GCN across multiple endpoints, with the maximum
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gain reaching 13.4% and an average gain of 4.4%. To
mitigate the impact of randomness arising from dataset
splitting, paired ¢ tests based on ten independent runs
were conducted. The results confirmed that the observed
performance improvements were statistically significant

across all six endpoints (Table S9, p < 0.001). The results
indicate that joint optimization across related toxicity
endpoints enables effective knowledge sharing, thereby
enhancing prediction performance compared with
independently trained STL models.

Table 2. Classification performance comparison among MTL-GCN, STL models, and previous models on validation sets.

The Constructed Models Previous Best Models
Endpoints MTL-GCN STL-GCN Classical ML
N ARoc-val RBa-val ARoc-val Rga-val ARroc-val RBa-val N Arocval  RBa-val Ref.
Fish acute 0860+ 0.790+ 0.802 + 0.738 = 0.776 £ 0.552 +
toxicity 4697 0.006 0.014 0.010 0.009 0.006 0.002 1500 0.856 0.781 [25]
Fish chronic 542 0806+ 0.720+ 0.711+ 0.655 + 0771+ 0.722 + / / / /
toxicity 0.011 0.029 0.033 0.061 0.009 0.004
Crustacean 0.809+ 0722+ 0.806 + 0.767 = 0.792+ 0.515+
acute toxicity 4285 0.028 0.029 0.028 0.020 0.003 0.007 660 0.800 / [85]
Crustacean 0846+ 0.753+ 0.838+ 0.784 + 0.802+ 0.688 +
chronic toxicity 1033 0.039 0.039 0.039 0.027 0.003 0.009 404 0.830 0.837 [32]
Algal acute 0815+ 0.742+ 0.807 0.738 = 0.774+ 0.522 +
toxicity 4107 0.020 0.022 0.020 0.028 0.012 0.007 555 0.810 0.757 [32]
Algal chronic 2850 0778+ 0.715+ 0.753 % 0.700 = 0.751+ 0.643 + / / / /
toxicity 0.016 0.021 0.016 0.023 0.002 0.007

N: number of total compounds of the endpoint for specific source; Aroc-va: area under the receiver operating characteristic curve on

validation set; Rea-vai: balanced accuracy on validation set; Ref.: references.

Model stability was further evaluated using the
standard deviation of Aroc across repeated runs (Table 2).
MTL-GCN exhibited a comparable maximum standard
deviation (0.039) and a lower average standard deviation
(0.020) than STL-GCN (maximum: 0.039; average: 0.024),
suggesting improved robustness to training variability.
Collectively, the results demonstrate the effectiveness of
the MTL framework in enhancing model accuracy,
robustness, and generalization.

Across all endpoints, GCN-based models employing
MGs as input representations outperformed the
constructed classical ML models based on descriptors. For
several endpoints, the performance gains were substantial.
For instance, in predicting fish acute toxicity, the MTL-GCN
achieved an Aroc of 0.860, compared with 0.802 for the
STL-GCN and 0.776 for the classical ML model. The results
highlight the advantage of MTL-GCN architectures in
directly encoding molecular topology and local chemical
features, enabling more effective extraction of task-
relevant structural features than descriptor-based
approaches that rely on predefined feature engineering.

Notably, fish chronic toxicity is characterized by
limited data availability, which poses challenges for model
development. To the best of our knowledge, no prior
classification models have been reported for fish and algal
chronic endpoints, leaving a methodological gap. Under
the STL framework in this study, prediction performance
for fish chronic and algal chronic toxicity remained
moderate, with Aroc values of 0.771 and 0.753, respectively.
Significantly, the MTL-GCN achieved markedly improved
performance and outperformed all corresponding STL

models on the data-scarce endpoints, increasing the Aroc
to 0.806 (4.5% gain) for fish chronic toxicity and to 0.778
(3.3% gain) for algal chronic toxicity.

The improved performance relative to STL models
indicates that the MTL framework effectively transfers
shared chemical and biological knowledge from data-
abundant and mechanistically related endpoints, such as
acute toxicity tasks. By jointly learning across multiple
aquatic toxicity endpoints, the MTL model constructs
more informative and stable representations, thereby
compensating for data sparsity in individual chronic
toxicity tasks. The constructed MTL-GCN provides a
practical tool that can directly support regulatory
screening and chemical registration processes, where
chronic toxicity data are often required but
experimentally expensive and time-consuming to obtain.

To further investigate the mechanistic basis
underlying the performance gains of MTL, the weight
similarity parameter (Pws) was calculated to quantify
inter-task similarity in the learned feature generator. As
shown in Figure 4A, relatively high Pws values were
observed between specific endpoint pairs. For instance,
algal acute toxicity and crustacean acute toxicity exhibited
the highest Pws of 0.385, coinciding with notable
performance improvements of MTL-GCN over STL-GCN for
these tasks (Table 2). As illustrated in Figure 4B, the two
endpoints share 2416 compounds, indicating substantial
overlap in chemical space. The concordance between high
structural overlap and elevated Pws supports the
interpretation that MTL enhances learning by exploiting
shared molecular information across related tasks.
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Figure 4. Visualization of the weight similarity parameter (Pws), label consistency rate (R.c) and dataset relatedness:

(A) Heatmaps of the Pws values for feature generator weights and Ric values across six aquatic toxicity endpoints, including

(1) fish acute toxicity, (II) fish chronic toxicity, (III) crustacean acute toxicity, (IV) crustacean chronic toxicity, (V) algal acute

toxicity, and (VI) algal chronic toxicity; (B) Sankey diagram illustrating the overlap of shared compounds across the six

aquatic toxicity endpoints.

In addition, fish chronic toxicity and crustacean
acute toxicity exhibited a relatively high Pws value (0.366),
accompanied by significant performance improvements
of MTL-GCN over STL models. Specifically, for the data-
scarce fish chronic toxicity endpoint, the MTL-GCN
achieved a 13.4% improvement in Aroc over the STL-GCN
despite sharing only 371 compounds with crustacean
acute toxicity. The observation suggests that the number
of shared compounds alone does not fully determine Pws
values and the effectiveness of knowledge transfer in the
MTL framework.

To further elucidate the task affinity of related tasks,
label consistency rate (R.c) among shared compounds
was calculated as an indicator of task affinity. A high Ric
indicates high task affinity between two endpoints,
meaning that they tend to assign similar toxicity labels to
the same chemicals. Specifically, a Ric of 0.732 was
observed between fish chronic and crustacean acute
toxicity. This indicates that although these two endpoints
share a limited number of chemicals, the shared
compounds were still assigned highly concordant toxicity
labels across the two endpoints, suggesting relatively high
task affinity between the corresponding tasks. The
comprehensive pairwise data including the Pws, R.c and
the shared compounds are summarized in Table S14 to
facilitate evaluation.

Collectively, the findings suggest that Pws, shared
chemicals and Ric reflect the ability of the model not only
to learn shared molecular structural features but also to
capture the underlying biological correlations between
endpoints. These provide mechanistic insight into the
effectiveness of the MTL framework, demonstrating that

the observed performance improvements arise not
merely from increased data volume, but from the model’s
ability to integrate shared chemical structures and
biologically meaningful cross-endpoint correlations.

To elucidate the model decision-making process,
attention weights were visualized for fish acute toxicity
(Figure 5), given that the endpoint comprises the largest
dataset and exhibits the best prediction performance
among the six endpoints. GCN models, including MTL-GCN
and STL-GCN, assigned high attention weights to well-
established toxicophores relevant to fish acute toxicity
(Figure 5A,B). Prominent structural features included
aliphatic hydroxyl groups, phenolic hydroxyl groups, and
aldehyde groups, which are consistent with established
mechanistic knowledge of aquatic toxicity [86-90].

Specifically, the high attention weights on aliphatic
hydroxyl groups suggest that the model successfully
captures the mechanism of non-polar narcosis. This
mechanism acts as baseline toxicity, primarily disrupting
membrane integrity [86]. Phenolic compounds, due to
their hydrogen-bonding capability, can interact more
strongly with biological macromolecules, resulting in
enhanced toxicity compared to baseline toxicity [86,87].
Aldehyde groups, as reactive electrophiles, are capable
of forming covalent bonds with nucleophilic sites in
proteins and other biomolecules, thereby inducing toxic
effects [87-89]. The accurate identification of these
toxicophores demonstrates that the GCN models with the
MG inputs effectively capture meaningful structure-
toxicity relationships.
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Overall, the incorporation of an attention mechanism
confers interpretability to the GCN architecture by
highlighting structurally and mechanistically plausible
determinants of toxicity. The enhanced transparency
strengthens the reliability in the model’s predictions and
supports its application in chemical hazard assessment
and regulatory decision-making contexts.

Notably, discernible disparities in attention weight
distribution are observed in the representative examples
in Figure 5C,D. The MTL-GCN assigns high attention
weights to amino groups in anilines and to chlorine
substituents, whereas STL-GCN attributes comparatively
lower weights to the features. Aromatic amines, similar to
phenols, can act through polar narcosis mechanisms
mediated by hydrogen-bonding interactions, and thus
constitute mechanistically relevant structural alerts [87].
Chlorine substituents can increase hydrophobicity and
membrane partitioning, and in certain contexts can shift
the toxic mode of action toward more potent mechanisms,
such as uncoupling [89].

To further assess whether high attention weights
were consistently assigned to the specific substructures,
SMILES arbitrary target specification (SMARTS) matching
was performed to identify molecules containing these
substructures. The atomic attention weights for these
substructures were extracted and compared between the
MTL-GCN and STL-GCN. For instance, the mean atomic
attention weight of aryl chlorine substituents in the MTL-
GCN model was 3.7% higher than that in the STL-GCN.
Similarly, for aromatic amines, the average attention
weight in the MTL-GCN model was 80.7% higher than that
in the STL-GCN. The attention weights for these and other

analyzed substructures are provided in Table S15.
Overall, the MTL-GCN generally yielded higher attention
weights than the STL-GCN for these substructures. The
analytical scripts are available in the GitHub repository.
The enhanced sensitivity of MTL-GCN to the
structurally complex and context-dependent toxicophores
indicates that MTL facilitates the extraction of more
comprehensive and transferable molecular representations
compared with STL modeling. Consequently, MTL-GCN
demonstrates improved mechanistic coherence, which is
advantageous for reliable chemical hazard evaluation.

The effects of varying thresholds on validation
performance and AD coverage are illustrated in Figure 6,
using fish acute toxicity as an example. As depicted,
progressively stricter AD thresholds based on ADsaL
characterization lead to a gradual reduction in the
number of validation compounds (n) retained within the
AD, accompanied by an increase in prediction
performance (Aroc) for compounds within the AD. The
results demonstrate the effectiveness of ADsaL in
delineating model reliability boundaries.

A joint analysis of ADsaL for MTL-GCN and STL-GCN
reveals AD coverage differences between the two
modeling strategies (Figure 6, Tables S16 and S17). For
fish acute toxicity, the Aroc of MTL-GCN within the AD
ranges from 0.854 to 0.945, whereas that of STL-GCN
ranges from 0.882 to 0.929. In terms of AD coverage, the
n of chemicals retained within the AD spans 164~478 for
MTL-GCN, compared with 103~187 for STL-GCN. Notably,
when the n within the AD was set to 175, MTL-GCN




yielded an Aroc of 0.908, whereas STL-GCN only reached
0.884. The results demonstrate that MTL enables the
model to expand its AD coverage when simultaneously
enhancing in-domain performance. Consequently, MTL-GCN
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Figure 6. Effects of varying ps,r and Iar values on the performance (4roc) and the number of compounds (n) within the ADs
of the GNN models, where ADsaL was characterized for (A) MTL-GCN and (B) STL-GCN.

The observed improvement can be attributed to the
ability of the MTL framework to capture fundamental and
generalizable molecular representations. By learning
from multiple related toxicity endpoints, the MTL-GCN
extracts shared structural and biochemical features
common across tasks. The comprehensive training
chemical space corresponds to the union of datasets from
all endpoints, resulting in a substantially larger and more
chemically diverse representation manifold than those of
any STL models. Consequently, compounds are more
likely to reside within the expanded AD of the MTL-GCN
model, increasing the number of reliably predicted
chemicals while preserving high prediction accuracy.

The appropriate thresholds for ADsaL of the MTL-GCN
model, together with the corresponding performance and
AD coverage, are summarized in Table 3. As shown in
Table S16, fish chronic toxicity reached an in-domain Aroc
of 1.000 under ADsa{psq 2 0.100, Iaq < 0.900}.
Furthermore, Table 3 indicates that the selected
thresholds resulted in a high AD coverage, retaining
approximately 83.0% of the compounds in the external
validation set for this endpoint. Achieving this
performance on this proportion of the validation data

demonstrates that the ADsaL filters out unreliable
predictions. As the AD becomes more stringent, the
number of retained chemicals continues to decrease while
the Aroc remains at 1.000. Therefore, the selected
threshold represents a trade-off between model
performance and coverage.

Table 3. Performance of the MTL-GCN model with
ADsal characterization.

The Selected Entire Validation Set
ADsaL Threshold Validation Set in ADs

PsT I N Aroc n Aroc
Fish acute toxicity 0.300 0.400 458 0.860 322 0.874
Fish chronic toxicity 0.100  0.900 53 0.806 44 1.000
Crustacean acute
toxicity

Endpoints

0.100 0900 451 0.809 396 0.893

Crustacean chronic

toxicity
Algal acute toxicity 0.100 0.300 403 0.815 288 0.828
Algal chronic toxicity 0.500 0.800 282 0.778 149 0.812

0.100 0900 104 0.846 91 0.856

pst: threshold of weighted molecular similarity density; Iart:
threshold of weighted inconsistency in molecular activities; N:
the number of compounds in validation set; n: the number of
compounds in ADsaL; Aroc: area under the receiver operating
characteristic curve.




Under comparable in-domain coverage, the MTL-
GCN with ADsa. generally yielded better in-domain
performance than that with the leverage-based AD
method, indicating that ADsaL provided a more effective
characterization of reliable prediction regions for the
present datasets (Tables S16 and S18). The selection of
the thresholds followed a criterion that prioritized
maximizing AD coverage while ensuring that in-domain
performance consistently exceeded out-of-domain
performance. This balance ensures both the breadth and
reliability of the aquatic toxicity predictions. Ultimately,
the integration of MTL-GCN with ADsaL establishes an
accurate and reliable framework for chemical hazard
evaluation and risk management.

The constructed model was employed to identify
aquatic toxic chemicals across six endpoints for a large-
scale chemical inventory. The inventory, curated from
previous research [63], initially comprised approximately
106 chemicals, from which 783,681 molecules were
retained following DiPTox processing. Detailed
information on the inventory screening procedure is
provided in the Supplementary Materials. Subsequently,
the constructed MTL-GCN coupled with ADsaL was applied
to screen the chemicals. The prediction outcomes and AD
coverage statistics are summarized in Table S19.

Across the six endpoints, the proportion of chemicals
falling within the AD ranged from 23.4% to 83.6%, with a
median of 66.9%. The fish acute toxicity endpoint
exhibited the highest coverage (83.6%), while the
remaining endpoints also demonstrated substantial
inclusion rates within the AD of the MTL-GCN model.
Notably, a total of 742,384 chemicals were located within
the AD of at least one endpoint, corresponding to an
overall inventory coverage of 94.7%. The results indicate
that the MTL framework effectively enlarges the chemical
space encompassed by the model, thereby enhancing its
applicability to structurally diverse chemicals. The broad
AD coverage improves the capacity to prioritize
potentially aquatic toxic chemicals for environmental
hazard management.

To further explore the molecular structural basis of
chemicals within the AD that exhibited toxicity across all
six aquatic endpoints, these specific compounds were
analyzed. A total of 49,810 chemicals were predicted to be
toxic across all six endpoints by MTL-GCN with ADsar.
Clustering analysis and chemical space visualization were
conducted to characterize their structural distribution
(Figure 7), with methodological details provided in the
Supplementary Materials. Uniform manifold
approximation and projection (UMAP) provided an
instructive visualization tool to illustrate the structural
distribution of the chemicals predicted to be toxic across
all six aquatic endpoints.
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Figure 7. Chemical space visualization and structural
clustering of chemicals identified to be toxic across
six aquatic endpoints, which is visualized using
UMAP, with representative molecules from selected
clusters highlighted. UMAP-1 and UMAP-2 represent
the two-dimensional embedding of the high-
dimensional molecular fingerprints.

Subsequently, a structural analysis was performed
for the three largest clusters. Substructure matching
based on SMILES arbitrary target specification was
employed to quantify the prevalence of key functional
groups within each cluster. Detailed information on cluster
assignments and predicted toxicity profiles is provided in
Table S20. Cluster c, comprising 6069 chemicals, is
predominantly characterized by nitrobenzene derivatives,
which accounted for 97.5% of the cluster. Nitrobenzene is a
well-documented toxic pollutant and was the principal
contaminant in the Songhua River pollution incident [91].
Experimental studies have demonstrated that nitrobenzene
exhibits acute toxicity toward aquatic organisms, including
algae, crustaceans, and fish [91].

Cluster e, containing 5813 chemicals, witnesses a
significant presence of halogenated benzenes (27.9%), a
class of chemicals widely reported to induce toxic effects on
aquatic organisms [11,92,93]. In cluster p (5010 chemicals),
aromatic amines constitute the dominant structural
category (52.9%). The chemicals are known to induce
both acute and chronic toxicity in fish and algae [94-96].
Notably, the prominence of aromatic amines is consistent
with the model interpretability analysis, where MTL-GCN
attention mechanisms assigned high weights to
substructures corresponding to aromatic amine
functionalities. This concordance between mechanistic
interpretability and large-scale screening results provides
additional evidence of the model’s capacity to capture
chemically meaningful toxicophores.

Overall, the convergence of high AD coverage and
consistency with established toxicological knowledge [11,91-96]
supports the robustness and practical utility of the
MTL-GCN framework. The MTL-GCN model demonstrates
strong potential as a high-throughput screening method




for large-scale chemical prioritization and environmental
risk management.

The predicted toxic chemicals outside all ADs are
listed in Table S21. Their presence reflects the objective
trade-off between prediction reliability and AD coverage
in large-scale screening, highlighting the practical
advantage of the ADsaL. method in improving screening
reliability. Consequently, for large scale aquatic hazard
screening, integrating ADsa. with MTL-GCN effectively
manages this trade off and ensures reliable results.
Additional supporting information is available in the
Supplementary Materials.

This study curated a comprehensive aquatic toxicity
dataset encompassing 17,514 chemicals across six
endpoints, covering an unprecedented chemical space to
support large-scale regulatory screening. Using molecular
graphs as inputs, an end-to-end GCN was developed within
an MTL framework to jointly model multiple toxicity
endpoints. By extracting shared molecular representations,
the MTL-GCN improved the Aroc by 0.4~13.4% compared
with STL models. The proposed weight similarity parameter
(Pws) enabled quantitative analysis of knowledge transfer
across endpoints, demonstrating that MTL effectively
captures intrinsic correlations between different endpoints.
Incorporation of an attention mechanism further enhanced
interpretability, with substructure-level visualization
confirming that MTL-GCN accurately identifies meaningful
aquatic toxicophores. The AD characterization method
based on the SALs analysis demonstrated that MTL-GCN
maintains equivalent chemical coverage while improving
prediction accuracy compared to STL models. In screening a
million-scale chemical inventory, the combined MTL-GCN
and ADsaL framework achieved 94.7% coverage. Overall, the
constructed dataset and the proposed MTL-GCN framework
provide a robust, reliable, and interpretable benchmark for
multi-endpoint aquatic toxicity screening, offering
methodological guidance and practical decision support for
large-scale ecological hazard assessment of chemicals.

The additional data and information can be
downloaded at: https://media.sciltp.com/articles/others/
2607221031270270/GES-26020135-Supplementary-
Materials.7z. The MTL-GCN model, STL-models, and the
data are available free of charge and stored at
https://github.com/JssXmy/MTL-GCN-AqTox. Curation
of Aquatic Toxicity Data; detailed information on dataset
processing; detailed description of the features used in
GCN; implementation details of single-task learning GCN
models; details on ADsa. characterization about
calculation; summary of endpoints and integrated
datasets; construction of Tanimoto similarity
distributions; methods for physicochemical property

calculation; details on method chemical clustering and
visualization; calculation of endpoint label consistency
rate; detailed processing and screening of chemicals
inventory; details on visualization of inventory chemicals
with six endpoints toxicity; visualization of the chemical
space distribution: Figure S1. Visualization of the
chemical space distribution for six aquatic toxicity
endpoints through principal component analysis;
visualization of Tanimoto similarity distribution: Figure
S2. Pairwise Tanimoto similarity distributions for the
constructed datasets across six aquatic toxicity endpoints;
and visualization of physiochemical property distribution:
Figure S3. Physicochemical property distributions of
descriptors relevant to aquatic toxicity for the
constructed datasets across six endpoints. Related aquatic
toxicity datasets; validation performance of MTL-GCN
based on random splitting and scaffold splitting;
statistical comparisons of MTL-GCN and STL-GCN
performance under ten random seeds; hyperparameters
of all models; comparisons of atomic attention weights
between the MTL-GCN and STL-GCN models; results of
ADsaL and leverage-based AD; results of endpoint Ric,
corresponding with Pws and number of shared chemicals;
the screening summary of the chemical inventory and the
identified chemicals within the inventory predicted to
simultaneously exhibit all six aquatic toxicity endpoints,
along with their corresponding molecular cluster
information (XLSX). Reference [97] are cited in the
supplementary materials.
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