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Regulation of chemicals requires knowledge of their toxicological effects on a large number of species,
which has traditionally been acquired through in vivo testing. The recent effort to find alternatives based
on machine learning, however, has not focused on guaranteeing transparency, comparability and
reproducibility, which makes it difficult to assess advantages and disadvantages of these methods. Also,
comparable baseline performances are needed. In this study, we trained regression models on the
ADORE “t-F2F" challenge proposed in [Schur et al, Nature Scientific data, 2023] to predict acute
mortality, measured as LC50 (lethal concentration 50), of organic compounds on fishes. We trained
LASSO, random forest (RF), XGBoost, Gaussian process (GP) regression models, and found a series of
aspects that are stable across models: (i) using mass or molar concentrations does not affect
performances; (i) the performances are only weakly dependent on the molecular representations of the
chemicals, but (iii) strongly on how the data is split. Overall, the tree-based models RF and XGBoost
performed best and we were able to predict the logl0-transformed LC50 with a root mean square error
of 0.90, which corresponds to an order of magnitude on the original LC50 scale. On a local level, on the
other hand, the models are not able to consistently predict the toxicity of individual chemicals accurately
enough. Predictions for single chemicals are mostly influenced by a few chemical properties while
taxonomic traits are not captured sufficiently by the models. We discuss technical and conceptual
improvements for these challenges to enhance the suitability of in silico methods to environmental
hazard assessment. Accordingly, this work showcases state-of-the-art models and contributes to the
ongoing discussion on regulatory integration.

Conventional environmental hazard assessment in its current form will not be able to adapt to the growing need for toxicity testing. Alternative methods, such as
toxicity prediction through machine learning, could fulfill that need in an economically and ethically sound manner. Proper implementation, documentation,
and the integration into the regulatory process are prerequisites for the usability and acceptance of these models.

1 Introduction

of Chemicals (REACH)' requires (invertebrate) animal tests to
be performed for chemicals with a yearly import or production

Chemical regulation aims to ensure the safety of humans and
the environment, which is traditionally based on animal
testing. As an example, in the European Union, the legislation
for the Registration, Evaluation, Authorisation and Restriction
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volume of more than 1 ton. Acute (i.e., short-term) fish mortality
tests are required for chemicals with an import or production
volume of 10 tons per annum or more and are standardized
through the OECD test guideline (TG) 203.> The global use of
birds and fish was estimated to range between 440 000 and 2.2
million individuals at a cost upwards of $39 million per
annum.® Consequently, reducing the use of animals and, more
specifically, fish acute toxicity testing has a high priority in
chemical hazard assessment, both from an economical and
ethical perspective.

In the past decade, there has been an increased effort
towards the adoption of new approach methods (NAMs), ie.,
implementing and validating alternative methods to move

© 2024 The Author(s). Published by the Royal Society of Chemistry
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away from measuring chemical toxicity in vivo with the sacri-
fice of animals. Computer-based (in silico) methods have the
potential to supplement, if not replace, animal testing
through predictive toxicology based on historical data.*
Increased computational power, accessibility and ease of use
of software, and recognition of the potential by legislators has
contributed to increased research efforts of in silico alternative
methods.

Quantitative structure activity relationship (QSAR) modeling
is the umbrella term for models based on the similarity-
property principle, ie., the assumption that chemicals with
similar structure will elicit a similar biological response. In the
field of toxicity, these models are sometimes referred to as
quantitative structure toxicity relationship (QSTR) models,
which have a long history of predicting toxicological outcomes
using either linear or nonlinear relationships between chemical
descriptors and a biological response.” More than 10 000 QSAR
models were published or publicly available in 2023.° Recently,
QSAR research has started to incorporate machine learning
(ML), i.e., computational methods that are able to find hidden
patterns in large amounts of data without explicit programming
and, on the basis of said patterns, are able to make predictions.
The application of ML comes with the caveat that domain-
experts are not necessarily also ML experts.

QSARs are characterized by the relationship they are
applied to, ie., the chemical descriptor(s) used to predict
a biological outcome, and not by the underlying modeling
approach. Hence, integrating information beyond chemical
descriptors is not adequately captured by the term QSAR.
Zubrod et al. (2023) referred to models also including species-
specific and experimental information as Bio-QSARs.” ML
methods can be applied to both QSARs and extended QSARs
with non-chemical features.

So far, mammal-centered toxicology was the primary focus of
ML-based predictive toxicology. Notably, Luechtefeld et al
(2018) implemented read-across structure activity relationship
(RASAR) based on binary fingerprints and Jaccard distances,
which they applied to different endpoint groups.®? They
compared the model performance to the variability of the in vivo
data, which they found to be similar, although their inclusion of
modeled data and lack of transparent reporting and data
availability have been criticized.® In their response to the
critique, the authors explicitly point out that their approach
differs from QSAR by the use of big data and artificial intelli-
gence as opposed to small and highly curated datasets and
conclude that certain criticisms to QSARs do not apply to their
approach.” Wu et al (2022) brought Luechtefeld et al’s
approach to the realm of ecotoxicology by applying it to toxicity
classification of acute fish mortality"* and found that their
RASAR models did not outperform random forest (RF) models.

Despite getting less attention of ML than mammal-centered
toxicology, several studies predict ecotoxicological outcomes
using regression. They differ in the employed approaches, most
notably in the datasets used and, therefore, in the chemical and
taxonomic spaces.”**™*

Nevertheless, the adoption of ML in ecotoxicological
research is still in its infancy, which comes with inherent
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pitfalls. Data leakage, one of the most common issues when
applying ML models, “is a spurious relationship between the
independent variables and the target variable that arises as an
artifact of the data collection, sampling, or pre-processing
strategy. Since the spurious relationship won't be present in
the distribution about which scientific claims are made, leakage
usually leads to inflated estimates of model performance.”*® It
arises when data points from repeated measurements are
assigned to both the training and the test set and results in the
model merely recalling the relationship between the response
and feature combinations instead of making a prediction based
on a learned pattern. Data leakage can also occur when infor-
mation about the response is introduced that should not
legitimately be used for modeling."® As of 2023, the issue of data
leakage has been described to affect 329 papers across 17
research fields.”” Stock et al. (2023) discussed domain-specific
risks of data leakage for the use of ML models in ecology and
argued for the creation of domain-specific guidelines to avoid
data leakage and related phenomena, such as short-cut
learning."”

Besides the issue of data leakage, predictive ecotoxicology
lacks commonly recognized best practices such as benchmark
datasets and reporting standards."**>' As a part of ML-based
research, it faces a reproducibility crisis, partly caused by
inconsistent and in-transparent reporting (including under-
lying computer code), which prevents peer-reviewers from
adequately assessing the findings, the modeling, and the data
those findings are based on. Several efforts aim to sensitize
researchers to common pitfalls**** and to motivate them to
adopt checklist-based reporting standards, such as REFORMS
proposed by Kapoor et al. (2023).>> For QSAR models, similar
quality standards have already been proposed (with 49 assess-
ment criteria covering various aspects of QSAR development,
documentation and use)*® and further developed specifically for
the application of ML methods to QSARs." Furthermore, the
FAIR (Findable, Accessible, Interoperable, Reusable) principles,
which were developed for data sharing, could be adapted to
model description and deployment and therefore help to
improve the reproducibility and large-scale adoption of these
methods, and eventually turn them into a (re)useable resource
for chemical safety assessment.®

Data handling, ie., curation, processing, and use in
a modeling framework, plays an equally crucial role to avoid
reproducibility issues. It requires both domain and ML exper-
tise. Model applicability and performance highly depends on
the data it was trained on. There is a trade-off between restric-
tive data filtering leading to narrowly applicable models, that
are thus not very relevant, and unrestrictive data filtering
yielding models that might cover a large range of species and
chemicals, but are not accurate enough.”

This paper is based on the well-characterized benchmark
dataset ADORE for acute mortality in ecotoxicology. We inves-
tigate the application of ML methods to fish acute toxicity,
namely the prediction challenge “t-F2F” on the taxonomic
group fish covering 140 species and 1905 chemicals. Six
molecular representations are available to computationally
represent molecules: the fingerprints MACCS, PubChem,
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Morgan, ToxPrint, the molecular descriptor Mordred, and the
mol2vec embedding. Using this dataset allows to produce
reproducible and comparable results that can act as a bench-
mark for future studies. We apply the four models LASSO,
random forest, XGBoost, and Gaussian process regression. We
train all combinations of molecular representations and
models. We then analyse the model results to gain a better
understanding of relevant features and aspects of the dataset.
We aim to present state-of-the-art methods in an accessible
manner for modeling experts, (eco)toxicologists, and regulators,
alike. For the sake of transparency, we perform a self-
assessment of the dataset, models, and reporting in accor-
dance with proposed best practices.'>****

2 Data

In this section, we introduce the data focusing on the relevant
challenge, response values, features, and data splits.

2.1 Data generation and description

The benchmark dataset ADORE on acute mortality contains
toxicity tests of three relevant taxonomic groups (fish, crusta-
ceans, and algae).>® The core of ADORE originates from the
ECOTOX database,” which was harmonized and pre-filtered to
only contain entries suitable to model acute toxicity in fish,
crustaceans, and algae. This core dataset was expanded with
taxonomic and chemical information from various sources and
then filtered to only contain entries on acute mortality for which
information from all sources is available. The filtered dataset
mainly contains entries from organic chemicals. In total, the
ADORE dataset contains 33 448 entries, of which more than
75%, L.e., 26 114 entries are on fish, 6630 entries on crustaceans,
and 704 entries on algae. Please refer to the corresponding
paper for a detailed description of the dataset.* Here, we
summarize the aspects relevant for this study.

2.2 Focus on fish challenge

The ADORE challenges on acute mortality cover three levels of
complexity. The most complex challenges are based on the
whole dataset including all three taxonomic groups (fish, crus-
taceans, and algae). At an intermediate level of complexity,
challenges focus on one taxonomic group. Finally, the least
complex challenges are restricted to single, well-represented
test species. In this study, we focused on the taxonomic group
of fish. Using the “t-F2F” challenge, we aimed to find the best
combination of model and molecular representation with the
corresponding features to predict acute mortality across 140
fish species.

2.3 Response values

The dataset contains only entries with the endpoint lethal
concentration 50 (LC50) for fish mortality. All LC50 values were
converted to mg L™ " and mol L™, and then log10-transformed.
In this work, we predict both log molar and log mass LC50

(Fig. 1).
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Fig. 1 Histograms of logl0-transformed LC50 (lethal concentration
50) in mass and molar units.

2.4 Description and processing of modeling features

The features can be summarized in three categories: experi-
mental, chemical, and taxonomic. The responses and the
modeling features are listed in the ESI Table 1.}

The experimental features describe the experimental condi-
tions, specifically, observation duration, media type, exposure
type, and concentration type that we used as the four experi-
mental features in the models. The observation duration is
ordinal with four levels (24, 48, 72, 96 hours), which were
transformed to be in the range of [0, 1]. The other three features
are categorical and were one-hot-encoded (i.e., translated to
a binary vector for each level indicating its presence or absence).
We do not deem the other experimental information included
in the dataset relevant, and for some features, we argue in ref.
24 against using them for modeling.

The chemical features can be split in two sub-categories.
Firstly, we include computable properties such as molecular
weight (in g mol "), water solubility (in mg L™"), melting point
(in °C), and the octanol-water partition coefficient (log Ko, log
P), for which positive/higher values indicate higher lipophilicity
of a compound. We used these four features, standardized
based on the training data, and opted against using the other
computable features in the dataset, which are based on
numbers of atoms, bonds and molecular substructures, as they
are correlated with the selected features.

Secondly, the ADORE dataset contains six molecular repre-
sentations, which were developed to make chemical structures
machine-readable and therefore useable for ML models. The
four fingerprints MACCS, PubChem, Morgan, and ToxPrint, as
well as the molecular descriptor Mordred are examples of non-
learned representations whereas mol2vec is a learned molecular
embedding.>® Please refer to Schiir et al. (2023)** for a detailed
description. For including a fingerprint as model features, we

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Feature count for each fingerprint and data splitting combi-
nation. Most features are from the molecular representations, see
column Nmotrepr. Where we count the number of informative bits for
the four fingerprints, give the dimensionality of the embedding for
mol2vec, and the number of selected features for Mordred. The 37
remaining features are experimental, taxonomic, and chemical prop-
erties (Nother). FOr Mordred, we do not use the four chemical properties
as they are already part of the molecular descriptor

Mol. repr Data split Nan Mmol. repr. Nother
MACCS Totally random 180 143 37
MACCS Occurrence 178 141 37
PubChem Totally random 506 469 37
PubChem Occurrence 508 471 37
Morgan Totally random 422 385 37
Morgan Occurrence 417 380 37
ToxPrint Totally random 211 174 37
ToxPrint Occurrence 209 172 37
mol2vec Totally random 337 300 37
mol2vec Occurrence 337 300 37
Mordred Totally random 577 544 33
Mordred Occurrence 577 544 33

suggest to remove duplicated and uninformative bits, (ie.,
those with only little variation, following the modeling pipeline
described in Lovric et al.?”). For the “t-F2F” dataset, the number
of informative bits for the four fingerprints are shown in Table
1, determined for a standard deviation threshold of 0.1. The
number of informative features are determined based only on
the training data to avoid data leakage, which explains the
different numbers for the two data splitting schemes. For
mol2vec, we retained all 300 features, standardized based on
the training data. For Mordred, we standardized the continuous
features based on the training data and performed a uniform
transformation of the ordinal features to the range of [0, 1].

The taxonomic features can also be split in two sub-categories.
Firstly, the Add my Pet database®® provides features on ecology,
life-history, and pseudo-data used for dynamic energy budget
(DEB) modeling.* From ecology, we included the categorical
variables climate zone, ecozone, food, and the binary coded
migratory behavior. For these categorical variables, we used
a many-hot encoding since a fish may fulfill more than one level,
e.g., for the fathead minnow, the entry for the food variable,
“D_H”, means that it is both detrivorous (“D”) and herbivorous
(“H”). From life-history, we included life span and ultimate body
length. From pseudo-data, we included energy conductance,
allocation rate to soma and volume-specific somatic maintenance
cost. The continuous variables were standardized based on the
training data.

Secondly, the ADORE dataset includes the phylogenetic
distance between species to account for the genetic relationship
between species that might be exploited to infer toxicity across
species. This is based on the assumption that closely-related
species will have a more similar sensitivity profile than less-
closely related ones.** The phylogenetic distance cannot be
readily used in a standard model as it is a pairwise distance that
cannot solely be attributed to a data point. We only used it in
conjunction with GP regression.

© 2024 The Author(s). Published by the Royal Society of Chemistry

View Article Online

Environmental Science: Advances

Mainly, the models are trained on all these features except for
the phylogenetic distances. We also trained the models without
a molecular representation, i.e., using only experimental features,
chemical, and taxonomic properties (abbreviated as ‘none’), and
with only three chemical properties, namely molecular weight,
water solubility, and logP (‘top 3’). Additionally, we trained GP
models with all features including the phylogenetic distances.

2.5 Data splittings

Data splitting, the generation of training and test data subsets,
and of cross-validations folds, can greatly affect model perfor-
mance. Possible causes are the inherent variability of the data
itself and (non-obvious) data leakage. Schiir et al (2023)
discusses different data splitting schemes in detail.>* Here, we
describe the two data splittings considered in this study.

2.5.1 Split totally at random. The simplest train-test-split
can be achieved by random sampling of data points, which
has been the main approach in previous work applying ML to
ecotoxicology and generally suffices for a well-balanced dataset
without repeated experiments.'>'*?' For the ADORE dataset
with repeated experiments, ie., data points coinciding in
chemical, species, and experimental conditions, this approach
has a high risk of data leakage and the associated over-
estimated model performances, as the same chemical as well
as the same chemical-taxon pair are likely to appear in both the
training and test set. We call this data splitting totally random.

2.5.2 Splits by chemical compound. Stratification by
chemical compound ensures that chemicals are not shared
between training and test set. For the split by occurrence of
chemical compounds, compounds are sorted by the number of
experiments performed on them, i.e., those with most experi-
ments at the top. Then, the first five compounds are put into the
training set and the sixth is put into the test set. This is repeated
with the subsequent compounds until all are distributed. The
five cross-validation folds are filled accordingly, i.e., the most
common compound goes to fold 1, the second most common to
fold 2, and so on. However, with this split, it is still likely that
similar chemicals are shared between the training and test set,
and between the cross-validation folds.

In ADORE, training and test splits as well as cross-
validations folds for both splitting schemes are available.
Since the split by occurrence of chemical compounds puts one
sixth, i.e., 17%, of the data points in the test set, the associated
ratio of 83:17 was maintained for the totally random split to
have comparable sizes across the data subsets.

3 Methods

In this section, we introduce the regression models applied to
the dataset using the log10-transformed mass and molar LC50
as response values.

All code was written in Python 3 using established ML
libraries. It is available in a public repository§ where the
package versions are specified in the environment.yml file.

§ https://renkulab.io/projects/mltox/mltox-model.
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3.1 Models

We compared four established regression techniques that can
be applied to QSAR. Least Absolute Shrinkage and Selection
Operator (LASSO) is a linear regression technique with inherent
feature selection. The tree-based models random forest and
eXtreme Gradient Boosting (XGBoost) are commonly used in
eco-toxicology and can be considered state-of-the-art. Gaussian
process regression is more complex and computation-intensive
but has the advantage to provide uncertainty estimates.
Random forest and LASSO models were developed using scikit-
learn,** XGBoost models with the XGBoost package,* and the
GP models were built using the gpflow package.** The LASSO
has the low-est computational cost of the considered models.
The RF models take shorter to run than XGBoost models. The
hyperparameters of each model are summarized in the ESI
Table 2.7

3.1.1 LASSO. The LASSO is a regularized linear regression
model. Regularization introduces a term to the loss function of
ordinary least squares (OLS) regression that favors smaller
regression coefficients. For LASSO, regularization shrinks
coefficients to zero and is therefore performing inherent feature
selection as only features with non-zero coefficients are
retained. In the closely related Ridge regression, coefficients are
shrunk towards zero but do not reach zero. The importance of
the regularization term is determined using the regularization
coefficient, o (alpha), which is the only hyperparameter of
LASSO.

We employed a two-step procedure that has the advantage to
give a smaller set of selected features than directly using the
results from LASSO.* In the first step, the LASSO was fit on the
training data for a range of the hyperparameter «. For each «, all
features with non-zero coefficients were retained. In the second
step, a Ridge regression model is trained using only the non-
zero coefficients (if there are any), and then evaluated on the
validation data. The « with the best validation error is selected.

3.1.2 Random forest. Random forest is an ensemble
learning method using decision trees that constructs mutually-
independent trees using the response value as target variable.
Each tree is learned on a boot-strap sample of the training data,
a procedure known as boot-strap aggregation (“bagging”).*
Trees are further de-correlated by only considering a subset of
features for each split. For regression, the results of each tree
are averaged to obtain the prediction. Typically, a few hundred
trees are learned with depths in the range of a few dozen to a few
hundreds. We optimized the following hyperparameters:
number of trees (n_estimators), maximum depth of a tree
(max_depth), minimum number of samples required to split an
internal node (min_samples_split), number of bootstrap
samples (max_samples), and number of features when looking
for the best split (max_features).

3.1.3 XGBoost. Gradient boosting is another ensemble
learning technique that, in contrast to the bagging approach of
RFs, develops models sequentially using the error of the
predecessor model as target variable. In the case of regression,
the residuals, i.e., the difference between the true and the pre-
dicted value, are minimized. Gradient boosting has been
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refined in the extreme gradient boosting algorithm,* which is
more scalable than gradient boosting and the state-of-the-art
implementation of boosted decision trees. Typically, XGBoost
trees are less deep than RF trees, the depth ranging up to
a dozen nodes. We optimized the following hyperparameters:
number of trees (n_estimators), shrinkage of step size (eta),
minimum reduction of loss to split a node (gamma), maximum
depth of a tree (max_depth), minimum weight of a child node
(min_child_weight), and subsample ratio (subsample).

3.1.4 Gaussian process regression. Gaussian processes are
state-of-the-art Bayesian tools for regression,*” classification,*®
and dimensionality reduction.*® A GP for linear regression uses
a Gaussian prior over the weights of the regressor. It couples
them with a least square error loss function (Gaussian likeli-
hood), which allows for computing in closed form the best
prediction for each input and its confidence interval. By relying
on the kernel trick,*” GP can also solve nonlinear regression
problems in closed form. It is the main feature of GP to provide
accurate predictions, which naturally come with confidence
intervals. On the other side, GP come with high computational
complexity (i.e., cubic in the number of samples), which renders
them the slowest model we compare. See Appendix A.1 for
details on the GP implementation.

3.2 Hyperparameter optimization

For each combination of model, molecular representation, data
splitting scheme, and concentration type, we chose the corre-
sponding optimal hyperparameter(s) using gridsearch. For each
hyperparameter setting, 5-fold cross-validation on the training
data was employed and the hyperparameter setting with the
lowest cross-validated root mean square error (RMSE) was
selected. Then, the model with the best cross-validation
performance based on RMSE was retrained on the entire
training set and evaluated on the test set. We report both cross-
validation and test error.

3.3 Metrics

To evaluate the cross-validation and test runs, we calculated
micro-average RMSE, mean absolute error (MAE), and the
coefficient of determination R* (see Appendix B.1). For the test
runs, we also evaluated macro-averaged metrics (see
Appendix B.2).

In contrast to R, RMSE and MAE have the same dimension
as the response, the log10-transformed LC50. Accordingly, an
RMSE or MAE of 1 translates to one step on the log10 scale, i.e.,
one order of magnitude on the original, non-transformed, scale.
This direct relation to the response unit allows for an intuitive
interpretation of error values.

3.4 Feature importance

For the tree-based models RF and XGBoost, we investigated two
types of feature importances: permutation based feature
importances, calculated using the scikit-learn function sklear-
n.inspection.permutation_importance, and SHAP (SHapley
Additive exPlanations) values.*® Feature importance methods
can be distinguished by their scope, e.g., do they provide

© 2024 The Author(s). Published by the Royal Society of Chemistry
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feedback on the entire model (global scope), or do they explain
an individual prediction (local scope).** The permutation
feature importance measures the increase in prediction error
when per-muting the values of features, providing global
information about the model. On the other hand, SHAP values
are a local method as they are calculated for individual
predictions. They can be averaged for a global interpretation of
the model.

3.5 Reporting

Several best practices for ML-based science and QSARs have
been proposed. We evaluated our work against three checklist-
based reporting schemes: (1) the REFORMS checklist for ML-
based science,* (2) potential pitfalls related to data leakage,*
and (3) a QSAR-specific checklist,' which has been extended to
the application of ML to QSARs." We consider our approach to
go beyond QSAR through the integration of species-specific and

LC50 (mol/L) Molecular weight (g/mol)

train 1

test 1

1e-09 1e-05 1e-01 30 100 300

Water solubility (mg/L) logP

train 1

test 1

1e-01 1e+02 1e-03 1e-02 1e-01 1e+00 1e+01
Parameter value

1e-07 1e-04

Fig. 2 Distribution of the training and test set from the split by
occurrence of chemical compounds for LC50 (in mol L™3), molecular
weight (in g mol™), water solubility (in mg L™, and log P.
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experimental data. Nonetheless, these guidances are still rele-
vant to our work. The detailed self-assessments can be found in
the ESLY

4 Results and discussion
4.1 Data quality & variability

Data is the basis for every model. Ipso facto, model performance
is limited by the quality of the data it was trained on. Reliable
predictions can only be obtained within the range of data (i.e.,
range of toxicity and range of features) according to the
bounding-box approach, a simple applicability domain tech-
nique. Fig. 2 shows the training and test set distribution of the
response value (LC50 in mol L") and three relevant chemical
features: molecular weight, water solubility, and log P. Training
and test set were constructed to cover a similar range of the
response values as well as the chemical properties.

ADORE contains repeated experiments that do not neces-
sarily share the LC50 value. Most experiments have only one or
a few values associated with them (Fig. 3(A)). Nonetheless, the
LC50 values can vary over several orders of magnitude, as is
depicted in Fig. 3(B) for fish tests repeated at least 25 times. In
vivo data, by default, is highly variable, even within strictly
standardized experimental settings such as the OECD TG 203.?

4.2 Modeling results

4.2.1 Validation results. Here, we discuss cross-validation
results. The results on the test set are described in Section 4.2.2.

4.2.1.1 Data splitting scheme. For the totally random split,
we achieve much better performances than for the split by
occurrence, independent of concentration type, model, and
molecular representation (see Fig. 4 and ESI Fig. 1 and 27). For
models trained using a molecular representation, the RMSE
does not exceed 0.90, MAE does not exceed 0.65, and R? is above
0.65, for all combinations. For the tree-based models, RF and
XGBoost, the RMSE is around 0.50, MAE around 0.30, and R? is
reaching 0.90. Despite having been achieved on the same
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Fig. 3

LC50 [mollL]

(A) Histogram of the number of data points associated with a combination of chemical, species, and experimental conditions (i.e., media

type, observation duration, concentration type, and exposure type). (B) Boxplot of toxicity values for experimental conditions with at least 25
values. Y-axis labels indicate the chemical name, CAS number, the species it was tested on, the effect group, observation duration, and the
number of data points. For fish, all tests were carried out for the effect group mortality (MOR).
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Fig. 4 Cross-validated RMSE for both data splittings, concentration types, all models, and molecular representations. Arrow indicates the lower

the better.

dataset, these performances are substantially better compared
to the split by occurrence. This shows how data leakage
produces artificially inflated performances.

Signatures of data leakage can also be seen in the selected
hyperparameters. For LASSO, the regularization parameter « is
consistently smaller for the totally random split (0.00001-
0.00025) than for the occurrence split (0.00631-0.10000) (ESI
Table 31). A smaller «, relates to more features being added to
the model, which can be interpreted as the model attempting to
memorize the training data. We observe the same behavior for
the tree-based models, but less consistently. For the RF models,
more and deeper trees are selected (ESI Table 47) for the totally
random split. Also for the XGBoost models, deeper trees are
grown for the totally random split than for the occurrence split
(ESI Table 51). Deep trees can be related to overfitting.

4.2.1.2 Concentration type. The models perform on par for
both the log10-transformed mass and molar LC50 independent
of the data splitting scheme and the molecular representation.

4.2.1.3 Model. The tree-based models perform best for all
combinations of data splitting schemes and concentration type,
followed by GP regression. The linear model, LASSO, performs
worst.

4.2.1.4 Molecular representation. The six representations
perform similarly for all combinations of concentration type,
data split, and model, shown as colored bars in Fig. 4 and ESI
Fig. 1 and 2.7 Additional bars indicate performances with only
experimental, chemical and taxonomic properties (‘none’, i.e.
no molecular representation) or using only three chemical
properties (‘top 3°).

For the remainder of the study, we focus on the split by
occurrence of chemical compounds, since it reduces the risk of

N30 | Environ. Sci: Adv., 2024, 3, 1124-1138

data leakage compared to the totally random split, and on the
molar-based LC50, since it more closely