
Integrating Functional Genomic Descriptors into Explainable
Machine-Learning Models for Cross-Aquatic Species Prediction of
Metal-Containing Nanomaterials Ecotoxicity
Yunchi Zhou, Ying Wang,* Willie J. G. M. Peijnenburg, Martina G. Vijver, Kenneth M. Y. Leung,
Surendra Balraadjsing, Xiaoli Zhao, Wenhong Fan,* and Fengchang Wu

Cite This: Environ. Sci. Technol. Lett. 2026, 13, 1114−1121 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: Understanding and predicting the ecotoxicity of nanoma-
terials (NMs) in untested aquatic species remains a major challenge due
to the absence of quantitative and mechanistically meaningful species
descriptors. Here, we propose a functional genomics-based species
descriptor that captures molecular functions, antioxidant defenses, and
detoxification capacities and evaluate its utility in improving deep-
learning (DL) models for NM toxicity prediction. Using toxicity data for
14 metal-containing NMs across 31 aquatic organisms, we integrated the
proposed descriptor into four supervised machine-learning algorithms,
the models achieved a highly balanced and satisfactory predictive
performance across different structures, with cross-validation Q2 values
stabilizing around 0.61−0.65 for both random forest (RF) and DL
architectures. Feature-importance analysis further showed that functional genomic traits contributed comparably to NM
physicochemical properties and exposure conditions, indicating that the descriptor provides mechanistic relevance rather than
functioning as a purely statistical feature set. This approach enables the quantitative characterization of species-specific sensitivity to
NMs and substantially enhances cross-species generalizability of toxicity prediction. Consequently, the proposed genomics-based
descriptor provides a scalable approach for hazard assessment of NMs in untested, rare, and data-deficient aquatic species of
conservation concern.
KEYWORDS: nanomaterials, toxicity, cross-species, functional genomics, species descriptors, deep learning, prediction

■ INTRODUCTION
The rapid development and diversification of engineered
nanomaterials (NMs) pose major challenges for ecological risk
assessment.1,2 Conventional in vivo and in vitro toxicity testing
is resource-intensive and often insufficient to keep pace with
the growing number of newly produced NMs.3 Consequently,
in silico approaches, particularly quantitative structure-activity
relationship (QSAR) modeling and machine learning (ML),
have gained traction as complementary tools capable of
accelerating nanotoxicity prediction while supporting hypoth-
esis-driven experimental design.4−6 Early nano-QSAR efforts
primarily relied on NM physicochemical descriptors, and
subsequent advances have incorporated quantum chemical
features, periodic table parameters, and mechanistically
grounded descriptors such as metal-ligand binding character-
istics.7 These developments have expanded the predictive
capacity of computational nanotoxicology and enabled models
to handle increasingly complex and nonlinear relationships.

Despite these methodological advances, a fundamental
limitation persists: most existing models remain material-
centric, encoding detailed information on NM properties and

exposure conditions while treating biological variability in an
overly simplified or indirect manner.8−10 In cross-species
applications, biological differences are commonly represented
using taxonomic categories, phylogenetic distance, or coarse
ecological and life-history traits within read-across or multi-
species modeling frameworks.11,12 While these methods
provide a pragmatic means of extrapolating toxicity thresholds,
they implicitly assume that taxonomic relatedness or broad
phenotypic similarity adequately reflects shared toxicity
mechanisms. Such assumptions are often violated for NMs,
whose modes of action are highly context-dependent and
mediated by molecular-level interactions. As a result,
taxonomy- or trait-based models frequently lack mechanistic
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resolution and struggle to generalize across distantly related
taxa or novel species.

Our previous review found that fewer than one-third of ML-
based nanotoxicology studies incorporated species-level
information,13 and these predominantly focused on in vitro
systems such as cell types or cell lines.13−17 Only a small subset
of studies attempted to address interspecies sensitivity using in
vivo endpoints. Efforts to integrate species traits�such as
trophic level or phylogenetic distance�have demonstrated
potential for improving cross-species predictions, yet they also
highlight the challenge of obtaining quantitative, mechanisti-
cally meaningful descriptors that can generalize across diverse
taxa.18,19

The need for biologically informed species descriptors is
particularly relevant to nanotoxicology. The toxicity of NMs
arises from interactions among their physicochemical charac-
teristics, environmental conditions, and organism-specific
biological responses. These organismal responses, such as
antioxidant defense, detoxification, and molecular stress
pathways, are rooted in the genomic function. The increasing
availability of genome-wide data across aquatic taxa now
provides an opportunity to incorporate functional biological
information into predictive models.20 Functional genomics
offers mechanistic insights into gene products, pathways, and
stress-response functions that fundamentally shape species
sensitivity to contaminants.21 Although functional genomics
has been extensively used in biomedical research to elucidate
molecular mechanisms of toxicity, its potential to serve as a
structured and computable species descriptor in QSAR- or
ML-based nanotoxicity prediction modeling remains unex-
plored.22

Here, we address this knowledge gap by proposing that
appropriately processed functional genomic information can
serve as an interpretable, mechanistically grounded, and
machine-readable species descriptor. Such a descriptor could
(i) capture interspecies variation in biological processes
relevant to NM toxicity, (ii) improve the generalizability of
predictive models across species, and (iii) enable hazard
estimation for untested, rare, or data-deficient organisms. To
our knowledge, no previous studies have integrated species
functional genomics into computational nanotoxicology. This

work therefore aims to develop a new genomics-based species
descriptor and incorporate it into ML models of NM toxicity.
We outline an approach to obtain, annotate, and transform
genomic information into quantitative descriptors, integrate
these descriptors with established nanotoxicity features, and
evaluate their utility within optimized modeling workflows.
Ultimately, this study seeks to determine whether functional
genomics can meaningfully enhance the predictive capacity
and mechanistic interpretability of nanotoxicity models and to
provide a novel approach enabling read-across to untested
aquatic species, including rare and endangered species.

■ MATERIALS AND METHODS

2.1. Collection and Processing of Genomic Information
Gene ontology (GO) provides a standardized framework for
functional classification of homologous genes across species, including
three domains: molecular function (MF), biological process (BP), and
cellular component (CC).23 Because comprehensive functional
genomic data are unavailable for most aquatic organisms, we
constructed species-level functional genomics data independently.

Protein sequence files (.faa) for each species were retrieved from
the National Center for Biotechnology Information (NCBI).24 These
sequences were annotated using TreeGrafter, a phylogeny-aware
functional annotation approach that assigns proteins to pre-annotated
gene family trees and infers functional annotations through ancestral
state reconstruction. Compared with direct homology-based methods
(e.g., sequence similarity searches), phylogenetic placement has been
shown to improve functional inference accuracy by reducing
annotation transfer errors arising from paralogy and sequence
divergence, particularly for non-model organisms. A detailed
justification for the selection of TreeGrafter, including comparison
with alternative annotation strategies and supporting literature on
annotation accuracy, is provided in Text S1.25 To overcome
TreeGrafter’s lack of multispecies data management and visualization
features, we developed an integrated pipeline enabling batch
processing, annotation, and visualization of functional genomic
profiles (Text S1 and Figure 1).

Annotated genes were then classified using PANTHER into GO
categories and protein class (PC). Functional gene counts under each
category were extracted and normalized by the total gene number to
produce species-level functional genomic profiles. Gene functions
absent across all species or present at negligible levels (≤0.1%) were
excluded (Text S2).

Figure 1. Workflow of the development of species descriptors. The content in the red solid box is completed by self-developed software tools:
kNN, k nearest neighbor; ANN, artificial neural network; RF, random forest; SVM, support vector machine; DL, deep learning; LIME, Local
Interpretable Model-agnostic Explanations; VSI, variable stability index; CSI, coefficient stability index.
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2.2. Development of Species Descriptors and Data
Preprocessing
From the five PANTHER classification systems, MF, BP, and PC
were selected for constructing species descriptors because they
capture biological processes most closely associated with toxic
responses (e.g., oxidative stress and detoxification). For each species,
the proportion of genes in each functional category was used as the
descriptor. Missing functional categories were assigned zero. Toxicity
data were obtained from Nano E-Tox26 and published databases,27,28

with EC50 (mg/L) used as the acute toxicity endpoint. Species lacking
genomic information or NCBI protein sequences were excluded. All
numerical descriptors, including functional genomics-based descrip-
tors, nanospecific physicochemical properties, exposure condition
parameters, and molecular descriptors, were standardized prior to
modeling. To further mitigate the risk of high dimensionality,
sequential backward selection (SBS) was implemented to refine the
genome descriptor (Text S3). Detailed definitions of the last three
descriptor categories can be found in Table S1. Missing values were
imputed using k nearest neighbors (kNNs), which preserves the local
structure and intervariable relationships more effectively than mean
imputation.

2.3. Model Development, Validation, and Importance
Analysis
Four supervised learning algorithms, i.e., random forest (RF), support
vector machine (SVM), artificial neural network (ANN), and deep
learning (DL), were developed following OECD principles for
modeling. Hyperparameters were optimized manually to ensure an
optimal model performance, with the RF model employing 600 trees
and seven features per split, the SVM model using a radial basis
function kernel, the ANN model training with the Adam optimizer at
a learning rate of 0.1 with 38 hidden units, and the DL model
constructing with three hidden layers (256−256−128) and training
by using the Adam optimizer with mean-squared error (MSE) as the
loss function (detailed in Text S4). The model performance was
evaluated using the coefficient of determination (R2) and the root-
mean-square error (RMSE). Python 4.0 with TensorFlow, scikit-learn,
and Keras were used for model development.

A 10-fold cross-validation test was used for internal validation, and
the resulting Q2 was used to assess the predictive accuracy of the
model. A 90/10 train-test split was used for external validation, with
R2

ext and RMSEext as evaluation metrics. All validation workflows and
additional performance comparisons are provided in Text S5.

Feature importance was evaluated by combining tree-based
importance metrics, including the minimum depth, P value, node
purity increase, and MSE increase, with model-agnostic interpret-
ability methods.18 For nontree DL models, repeated local
interpretable model-agnostic explanations (LIME) interpretation
methods were performed, and the stability was quantified using the
variable stability index (VSI) and coefficient stability index (CSI).
LIME operates on the principle of approximating the behavior of
complex models within a specific prediction range by training a
simpler, interpretable surrogate model, thereby helping to explain why
the complex model makes certain predictions.29 A composite feature
ranking was generated by averaging stable LIME outputs. The
detailed LIME procedures and stability analyses are provided in Text
S6.

2.4. Application to Untested Aquatic Species
To evaluate the model’s cross-species applicability beyond the training
taxa, an independent external validation data set comprising five
diverse aquatic species�including fish (Oreochromis niloticus and
Oryzias melastigma), crustaceans (Daphnia similis), and various
microalgae/cyanobacteria (Thalassiosira pseudonana and Synechocystis
sp.)�was compiled. The validation set utilized median effective
concentrations (EC50) paired with high-quality genome and proteome
annotations retrieved from the NCBI for the exact same species.
Detailed metadata for the external validation set and the
corresponding performance metrics are provided in Text S7.

■ RESULTS AND DISCUSSION

3.1. Functional Genomics-Based Species Descriptors

We compiled functional genomic annotations for 31 aquatic
species represented in the NMs toxicity data set. To mitigate
the risk of high dimensionality, we combined the SBS
algorithm with expert toxicological screening to refine the
initial 50 descriptors into 25 high-relevance genomic features
(Table S2). A detailed distribution report across the species
can be found in Table S3. To mitigate species-specific bias, we
replaced categorical identities with functional genomic
descriptors. This approach shifts the model’s focus from
individual species traits to conserved biological pathways. By
leveraging the evolutionary conservation of these functions, the
model can generalize patterns from data-rich species to a

Figure 2. Heatmap of the multispecies descriptor, illustrating the variations in functional gene abundance across different species: (A) MF; (B) BP;
(C) PC. Each block represents a classification method, the horizontal bars represent different gene functions, and the vertical bars represent
different species. The color intensity reflects the relative proportion of each functional gene after normalization; higher proportions are indicated by
more intense red hues, while gray blocks signify that the corresponding gene function is absent in that species.
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broader range of aquatic taxa, ensuring robust cross-species
predictions even for underrepresented organisms.

The overview of detailed species genomic functions can be
found in Figures S1−S3. Despite the distribution diversity
across taxa, species within the same biological group showed
coherent functional profiles (Figure 2). This pattern supports
the premise that genomic function composition can capture
fundamental similarities in stress-response capacities,30 thereby
enabling read across of NM toxicity to species lacking
empirical data.

The functional genomic descriptors proposed here represent
species-intrinsic characteristics, distinct from dynamic, ex-
posure-induced transcriptomic or proteomic responses. This
stability enables the assessment of NM toxicity across a wide
range of untested species without resource-intensive, case-by-

case omics experiments, offering significant advantages for
high-throughput prediction. Nevertheless, certain limitations
warrant acknowledgment. First, variations in the genome
assembly and annotation quality across species�particularly
between model and nonmodel organisms�may introduce
bias; a “0” value in our feature matrix could stem from
incomplete sequencing rather than genuine gene absence. To
mitigate this, we employed TreeGrafter, a phylogeny-based
tool more robust than traditional alignment in identifying
orthologues across divergent sequences. Second, our model
assumes that gene counts serve as a proxy for an organism’s
“genetic potential” to cope with stressors, a simplification that
overlooks complex regulatory mechanisms such as gene
expression, post-translational modifications, and enzyme
kinetics. Despite these biological simplifications, this method

Figure 3. Comparison of the ML model performance with and without the inclusion of species descriptors and validation results of untested
species. (A) Comparison of R2 and Q2 of RF, SVM, ANN, and DL with and without species descriptors. (B) Comparison of the RMSE of RF, SVM,
ANN, and DL with and without species descriptors. (C) Validation result of the RF model on untested aquatic species. The slope of the solid line is
1, and the dotted lines represent the intercepts ± RMSE. R2: coefficient of determination in the training set. Q2: coefficient of determination in the
test set. RMSE: root-mean-square error.

Figure 4. Feature importance analysis of models. (A) LIME importance rank of different descriptors. The features are arranged clockwise in
descending order of importance, with colors representing their respective functional categories. (B) Multiway feature importance analysis of
models, combining the MSE increase, node purity increase, and P value of the features. The x axis represents the MSE increase, where higher values
indicate greater feature importance; the y axis represents the increase in node purity, with larger values signifying a higher contribution to model
accuracy. The color scale denotes the P value, where features with P values of <0.01 are highlighted in red, indicating that the observed importance
is statistically significant and highly unlikely to occur under the null hypothesis.
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aims to provide a pragmatic and scalable framework for cross-
species toxicity prediction, the efficacy of which is further
evaluated in the following sections.
3.2. Model Performance and Effects of Species Descriptors

A data set of 628 toxicity records covering 14 metal-containing
NMs was assembled, integrating physicochemical properties,
molecular descriptors, exposure conditions, and species
descriptors. Four ML regression models�RF, SVM, ANN,
and DL�were trained with and without species descriptors.

All models achieved acceptable predictive power following
the feature reduction (Figure 3). While the RF model
exhibited a highly balanced and robust performance profile
(R2 = 0.93 and Q2 = 0.65), suggesting its reliability as a
benchmark, the DL model achieved a resilient predictive
capacity under the refined 25-descriptor feature space (R2 =
0.96 and Q2 = 0.61). This dual-model verification�leveraging
RF for stability and DL for capturing complex nonlinear
interactions�ensures that our framework captures biologically
meaningful patterns rather than relying on empirical data
fitting. The stabilization of Q2 values within the 0.61−0.65
range across different algorithmic structures demonstrates that
the framework possesses powerful and generalizable capa-
bilities for cross-species toxicity prediction, successfully shifting
the predictive focus from organism-specific classifications to
shared core biological machineries.

The observed versus predicted plots for all four algorithms
are presented in Figure S4, further illustrating the comparative
predictive behaviors of the models. The tight clustering of
predictions within the updated validation limits confirmed that
this framework trades redundant empirical correlations for
genuine biologically explanatory power, successfully breaking
the taxonomic barrier in cross-species toxicity extrapolation.
External validations further demonstrated the robustness of the
DL model (Figure S5).

These findings indicate that functional genomic information
captures biologically meaningful differences among species that
are relevant to NM-induced toxicity and provides a measurable
improvement beyond physicochemical and molecular descrip-
tors alone.
3.3. Key Drivers of NM Toxicity

Combined feature importance analysis from both the LIME-
based DL model (Figure 4A) and multiway feature importance
analysis-based RF model (Figure 4B) revealed that NM
physicochemical properties (e.g., shape), exposure conditions
(e.g., illumination), and molecular descriptors (e.g., oxygen- or
metal-related parameters) were consistently among the most
influential predictors. These factors are well-known to
modulate dissolution behavior, redox activity, and organism−
particle interactions, and the present results are therefore
consistent with the established mechanistic understanding of
NM toxicity.18,31−33 The influence of shape is linked to
differences in the specific surface area and cellular interaction
pathways; for instance, rod-shaped NMs may exhibit different
membrane-penetration efficiencies or surface reactivity com-
pared to spherical ones, thereby modulating their dissolution
and toxic potential.34 Although dissolution is a well-recognized
driver of metallic NM toxicity, its moderate importance
ranking in this study likely stems from the high proportion of
missing values in the experimental records and the binary
representation, which limits the model’s ability to fully capture
its statistical contribution. Furthermore, while the hydro-
dynamic diameter remains a fundamental characteristic, its

impact in our model appears to be integrated into more
complex, oxygen- and metal-related molecular descriptors.35

These parameters are strongly correlated with the potential for
reactive oxygen species generation and the release of toxic
metal ions, respectively, providing a clearer mechanistic link
between these static descriptors and the observed ecotoxico-
logical effects.36

Notably, several species descriptors�including MF regu-
lation, antioxidant activity, and detoxification�were also
ranked among the top contributors to model performance.
These descriptors represent baseline biological capacities
rather than exposure-induced responses, suggesting that the
inherent genomic functional composition plays a measurable
role in shaping species-specific sensitivity to NMs.37,38 Partial
dependence plots further revealed systematic monotonic
relationships between specific functional descriptors and
predicted toxicity (Figure S6). In particular, the increased
relative abundance of antioxidant and detoxification functions
was associated with a higher predicted EC50, suggesting a
potential decrease in sensitivity to NMs exposure, as supported
by recent studies on the toxic effects of NM.39,40 This trend is
biologically consistent with enhanced capacities for oxidative
stress buffering and toxicant processing.41−44 In contrast, ATP-
dependent activity exhibited a strong negative association with
predicted EC50, suggesting that species characterized by
elevated energy-dependent MFs may be intrinsically more
vulnerable to NM-induced perturbations, potentially due to
higher metabolic demand or increased susceptibility of energy-
coupled pathways.

From a modeling perspective, the emergence of species
descriptors among top-ranked features indicates that incorpo-
rating functional genomics information reduces the reliance of
predictions solely on NM-centric properties and exposure
conditions. Instead, the model captures toxicity as an emergent
property of NM characteristics interacting with species-specific
biological capacity. This shift improves interpretability and
supports the use of static genomic descriptors as mechanisti-
cally meaningful variables for cross-species toxicity predictions.
Extended mechanistic discussion of these relationships within
an adverse outcome pathway framework is provided in Text
S8.
3.4. Model Validation on Untested Aquatic Species

To further verify the model’s applicability on untested species,
we performed an external validation on an independent data
set comprising five diverse aquatic taxa (Oreochromis niloticus,
Oryzias melastigma, Daphnia similis, Thalassiosira pseudonana,
and Synechocystis sp.), which are absent from the training set.
The result demonstrated that both the DL and RF models
achieved reliable predictive performances; the DL model
reached a predictive R2 of 0.51 and a RMSE of 0.42. Notably,
the RF model exhibited superior and more robust general-
izability, achieving a R2 of 0.78 and a RMSE of 0.29 (Figure
3C). This performance signifies that our model can effectively
predict the toxicity variance for species that have no prior
empirical data. The close alignment between predicted and
observed EC50 values across different biological groups
confirms that functional genomic descriptors can capture
universal stress-response signatures. Consequently, this frame-
work represents a significant advancement toward enabling
high-throughput ecological risk screening for data-poor,
threatened, or conservation revelent aquatic organisms.
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This study demonstrates that incorporating functional
genomics-based descriptors significantly enhances the bio-
logical interpretability and mechanistic robustness of NM
toxicity modeling across species. While absolute statistical
outcomes are comparable to our previous empirical findings
utilizing traditional trophic levels, this framework represents a
fundamental paradigm shift from empirical data fitting to
mechanistic inference. By transforming a species identity from
a coarse taxonomic placeholder to 25 precise features, the
model moves beyond “memorizing” historical group sensitiv-
ities. Because these descriptors utilize curated genome
annotations rather than resource-intensive omics profiling,
they successfully break taxonomic barriers, enabling scalable
and biologically explanatory toxicity predictions for rare or
untested taxa with baseline genomic data.

Future work should focus on refining genomic descriptors to
better understand the functions most relevant to NMs toxicity
and expand the experimental data, particularly for under-
represented species and materials. Integrating additional
species-level descriptors�such as physiological traits or
environmental DNA signatures�may further improve extrap-
olation to untested taxa. Overall, the proposed approach
provides a promising tool toward more inclusive ecological risk
assessments for NMs, particularly for data-poor or conserva-
tion-relevant species.
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