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Abstract

A major challenge in hazard assessment of drug and material discovery is
the identification of potentially toxic compounds. To assess potential toxicity
of the compounds, different assays are conducted; however, they are usually
costly and time-consuming. Therefore, machine learning (ML) is often used to
estimate the effect of a compound on a specific endpoint based on molecular
features. However, finding an appropriate ML model, compound representation,
and dimensionality reduction (DR) method remains challenging. Therefore, we
benchmark a wide range of ML algorithms, molecular representations, and DR
approaches to identify effective combinations for predicting toxicity across Tox-
Cast endpoints. In particular, we consider 52 hormone receptor activity assays
(e.g., estrogen or androgen receptor), each having roughly 500-9,000 tested
compounds. To characterize the compounds, we compare transformer-based
embeddings, structural fingerprints (Morgan and MACCS), and physicochemical
descriptors. For these features, we apply different DR techniques (i.e., prin-
cipal component analysis, variance-based selection, mutual information, and
minimum-redundancy-maximum-relevance). Finally, we train different ML mod-
els (i.e., random forest (RF), multi-layer perceptron (MLP), CatBoost, support
vector machine (SVM), and TabPFN). Using a nested 5×4 cross-validation
setup, we evaluate 100 model–feature–DR combinations per assay. Performance
is assessed using the Matthews correlation coefficient (MCC), one of the most
appropriate metrics for imbalanced data. Despite the fact that the winning algo-
rithm of the toxicity prediction challenge Tox21 was a deep neural network (NN),
our results show that RF trained on physicochemical properties without DR is
the combination that is most often ranked as top 1 (in 12/52 assays). Moreover,
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it ranks among the top 5 out of 100 combinations in half (26/52) of the tested
assays. When ranking models per assay, RFs significantly outperform all other
models, achieving an average rank of 1.4 and an MCC of 0.207. SVM, CatBoost,
follow with ranks around 3 and MCC values near 0.15, while MLP and TabPFN
show the worst performance with ranks around 4 and average MCC values around
0.13. Given that tree-based methods also show a short runtime and high inter-
pretability, we recommend employing them for toxicity prediction.
Scientific Contribution:

This study presents the first comprehensive benchmark of ML models, molec-
ular representations, and DR methods for hormone receptor activity assays in
ToxCast. In contrast to prior work, we systematically evaluate complete model-
ing pipelines with rigorous hyperparameter tuning and chemically-informed data
splitting to avoid similarity bias, supported by extensive statistical analysis.

Keywords: toxic endpoint prediction, benchmarking, statistical analysis, hormone
receptor activity prediction, compound representations, dimension reduction, machine
learning

1 Introduction

The identification of toxic compounds is a crucial step in the development of novel
compounds, including drugs, materials, food additives, bio-based alternatives, and
pesticides. To reduce the discovery time and cost, toxicity should be assessed as early
as possible. Experimental toxicity assays are typically used to provide endpoint mea-
surements; however, they are often costly, time-consuming, and may involve animal
testing. Consequently, computational, often machine learning (ML)-based, toxicity
prediction has become an important strategy to prioritize and filter compounds early
in the discovery pipeline.
To train ML models that estimate the potential toxicity of a given compound, the
compound must be represented in a way that the model can process. ‘Classical’ ML
models (e.g., tree-based methods or support vector machines) require tabular input,
where each sample (compound) is represented by a vector of fixed length. This includes
compound representations such as physicochemical properties and structural finger-
prints [1]. With the rise of deep learning (DL) models, e.g., graph neural networks
or transformers, more complex representations of varying length, including graph
or text-based encodings, can be used. However, Sultan et al. [2] showed that these
more complex compound representations do not consistently improve prediction per-
formance compared to physicochemical properties across several molecular property
prediction datasets. Moreover, increased model complexity generally requires larger
training datasets to adapt the parameters, while simpler models can achieve compet-
itive performance with less data [3]. Due to the limited availability of toxicity data
(i.e., ≤ 9000 compounds per assay in the ToxCast database [4]), data scarcity fur-
ther constrains the potential advantages of DL approaches. This raises the question
of whether complex representations or architectures truly outperform simpler, physi-
cally and chemically informed features in realistic toxicity prediction scenarios.
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Throughout this article, we use the term ‘ML pipeline’ as the following workflow: First,
the compounds in the dataset are encoded in a way that fits the required input for
the ML algorithm, e.g. feature vectors. Then, the dataset is split into a training and
a test part. This can be done randomly; however, it is common practice to perform a
split based on chemical similarity to estimate predictive performance on other parts
of the chemical space[5]. Once the dataset is split, one may use dimension reduction
(DR) methods on the feature matrix. This can be particularly helpful if the compound
representation contains noisy or redundant features. However, the effectiveness of DR
methods is context-dependent and varies with the specific dataset and model. The
next step is typically some hyperparameter optimization of the ML; often using a k-
fold cross validation (CV) on the training set. Afterwards, the chosen model is trained
on the training set and evaluated on the test set. If this pipeline is repeated for several
splits, one can have several performance values per model allowing for better compar-
ison of approaches, e.g., via statistical evaluation [6, 7].
Several benchmarking studies have evaluated subsets of this ML pipeline, including
comparisons of structural fingerprints, or ML models on selected toxicity endpoints
(cf. Table 1). Note that we focus here on toxic endpoint predictions only, more bench-
marking studies have been performed on more general molecular property prediction
tasks (e.g., [1, 8]). Existing work typically focuses on only one or two components of
the pipeline and often lacks chemically informed data splitting or statistical signifi-
cance testing. Wu et al. [1] is one of the most cited studies for molecular property
prediction as they provide easy-to-use versions of datasets collected from literature
that can be used for benchmarking - including parts of the ToxCast dataset, which is
the focus of our work. In their study, they compare eight different ML models (i.e.,
logistic regression, XGBoost, support vector machine (SVM), influence relevance vot-
ing, bypass multitask networks, Weave models, multi-task neural network (NN), and
graph convolutional models) on their processed version of the ToxCast dataset. Their
results indicate that, when evaluated across all 600 endpoints, the Weave models, i.e.,
specialized graph convolutional networks that propagate information across all atom
features during convolution, perform best. Yet, this performance is evaluated using
a random data split rather than a chemically informed one. Moreover, there is no
statistical test comparing the model performances. Russo et al. [9] benchmarked sev-
eral ML models (i.e., Bernoulli Naive Bayes, AdaBoost decision tree, random forest
(RF), and SVM) and molecular representations (i.e., ECFP6, FCFP6, ToxPrint, and
MACCS keys) for estrogen receptor (ER) activity and found that RFs performed best,
while the models performed similarly regardless of the compound representation used.
However, the results are not supported by a statistical analysis. Zorn et al. [10] per-
formed a follow-up study based on the Russo et al. [9] study design, i.e., they use the
same models and hyperparameter tuning strategy to benchmark the different architec-
tures. Because their earlier analysis on ER activity showed minimal differences across
compound representations, the follow-up study focused solely on benchmarking model
architectures. Zorn et al. [10] applied the pipeline to predict androgen receptor (AR)
activity assay outcomes and performed statistical tests to compare model performances
on the considered assays in a 5-fold CV. Their results indicate that the models perform
similar. Belfield et al. [11] compare the performance of six different ML models (i.e.,
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Table 1 Benchmarking studies for ML pipelines in toxic endpoint prediction. Columns indicate
studied endpoints, number of assays, and which parts of the ML pipeline were benchmarked. Model
abbreviations: LR (logistic regression), NB (näıve Bayes), BNB (Bernoulli näıve Bayes), SVM
(support vector machine), RF (random forest), GBT (gradient boosting trees), XGB (Extreme
Gradient Boosting), AdaBoost-DT (AdaBoost decision tree), MLP (multi-layer perceptron), NN
(neural network), MTNN (multi-task neural network), GCN (graph convolutional network), GNN
(graph neural network), Weave (Weave neural network), IRV (influence relevance voting), kNN
(k-nearest neighbours), PSM (pretrained sequence model), SAR (structure–activity relationship
reasoning).

Authors, Year Endpoint(s) # Assays Feature type DR Model(s)

Wu [1], 2018 MoleculeNet
(various)

600 – – LR, XGB, SVM,
IRV, BPNN,
Weave, MTNN,
GCN

Russo [9], 2018 ER activity 8 ECFP6, FCFP6,
ToxPrint,
MACCS

– BNB, AdaBoost-
DT, RF, SVM

Zorn [10], 2020 AR activity 11 – – BNB, AdaBoost-
DT, RF, SVM

Belfield [11], 2023 T. pyriformis

growth inhibition
& rat lethality

2 – variance-based
feature selection
with compari-
son of different
thresholds

RF, XGB, SVM,
shallow NN, deep
NN, kNN

Kim [12], 2024 Various 737 MACCS, Mor-
gan, RDKit,
Layered, Pat-
terned

– MLP, GBT, RF,
kNN, LR, NB

Guo [13], 2026 Tox21 endpoints 12 – – ‘simple’ models
(e.g., RF), GNN,
PSM, SAR

Our work, 2026 ER, AR, PR, GR
activity

52 MACCS,
Morgan, physico-
chemical
properties,
SMILES embed-
dings

PCA, variance,
MI, MRMR

SVM, RF, Cat-
Boost, MLP,
TabPFN

RF, extreme gradient boosting, SVM, shallow and deep NNs, and k-nearest neigh-
bours) on two data sets, i.e., rat lethality and T. pyriformis growth rate inhibition.
Moreover, they study how the number of selected features affects performance. How-
ever, they do not directly compare different DR methods. Kim et al. [12] performed a
large-scale study on the ToxCast and Tox21 datasets. They evaluated different combi-
nations of ML models (i.e., multi-layer perceptron (MLP), gradient boosting trees, RF,
k-nearest neighbours, logistic regression, and näıve Bayes) and structural fingerprints
(i.e., MACCS, Morgan, RDKit, Layered, and Patterned) on more than 700 assays.
Although they do not conduct hyperparameter tuning or statistical tests, their work
emphasizes that interpretability is important and concludes that MACCS fingerprints
combined with RF provide an effective balance between performance and interpretabil-
ity. Guo [13] performed a benchmarking study of different model types (i.e., ‘simple’
ML models (e.g., RFs), graph neural networks (GNNs), pretrained molecular sequence
models, and rule-based structure activity relationship reasoning models) on different
molecular property and activity prediction tasks, including the Tox21 endpoints. They
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found that the simple ML models outperform the more complex architectures in the
majority of tested tasks. In particular, the simple models also win 63% of the Tox21
tasks.
In our work, we present the first comprehensive benchmark that jointly evaluates com-
pound representations, DR methods and ML models on 52 hormone receptor activity
assays from the ToxCast database [4], a target class of high toxicological relevance that
is central to endocrine disruption. The focus of this benchmark is on single-task models
trained separately for each assay, with the goal of comparing different representations,
DR, and ML approaches under a consistent train-test setting for different hormone
activity-related assays. In particular, we consider four compound representations (i.e.,
physicochemical descriptors, MACCS and Morgan fingerprints, and transformer-based
embeddings) with five dimensionality reduction (DR) approaches (i.e, principal com-
ponent analysis, minimum-redundancy-maximum-relevance, variance-based selection,
mutual information, and no DR), and five ML models (i.e., RF, SVM, CatBoost,
MLP, and TabPFN). Fig. 1 illustrates the different parts of the hormone-related toxic
endpoint prediction pipeline that we investigate in this study.

Fig. 1 Illustration of the parts of a toxicity prediction modeling pipeline investigated in this work.

To avoid similarity-based information leakage, we specifically ensure a split maxi-
mizing the chemical distance between the data points. Moreover, we use nested 5-fold
CV to tune hyperparameters on the inner folds, while obtaining robust performance
estimates on the outer folds, which in turn enables a statistical analysis of our results.
This setup allows us to evaluate 100 distinct feature–DR–model combinations per
assay; however, due to extensive hyperparameter optimization, more than 7,000 indi-
vidual model instances are trained per assay.
Overall, our results show that physicochemical properties are the most informative
data modality for the datasets and evaluation scheme considered. However, they do not
significantly outperform transformer-based embeddings. Furthermore, while models
without dimensionality reduction (DR) generally achieved the best results, our com-
parative analysis did not reveal a consistent advantage of either applying or omitting
DR. Across all experiments, RF models demonstrated the strongest and most robust
performance, achieving the highest average rank (1.4). Combining physicochemical
properties with RFs and no DR resulted in the top-performing configuration among
100 evaluated approaches, ranking first in 12 and within the top five in 26 of 52 assays.
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2 Materials and Methods

2.1 Data Collection and Processing

To establish a consistent dataset for downstream modeling, we systematically collected
data from the ToxCast resource. For our analyses, we use the ToxCast database invit-
rodb Version v4.2 (September 2024), which contains 1570 assays with 9614 unique
compounds [4].

Assay endpoint selection: In this study, we focus on assays associated with
hormone receptor activity measurements. Thus, we only consider assays, where the
intended target family in the assay annotation document is nuclear receptor or steroid
hormone. From these, we further restrict our selection to the 132 assays, where
the intended target family sub is annotated as androgens, estrogens, glucocorticoids,

progestagens, steroidal, or steroid.
Data collection: We automatically queried the CompTox Dashboard (Version

2.5.2, February 2025) [14, 15] to retrieve results for these assays using our own
ToxCastScraper script 1. However, CompTox only contained 127 of 132 assays. More-
over, for all assays, we queried the CompTox Dashboard for mol files for all tested
compounds and used RDKit (Version 2025.03.3) [16] to calculate canonical SMILES
(Simplified Molecular Input Line Entry System) [17], which served as the basis for
all other compound representations. Molecules without a mol file or for which RDKit
could not calculate SMILES were discarded.

In the original ToxCast publication, Richard et al. [18] state that the chemical
structures were curated to present the ‘chemical in the bottle’ as accurately as possible,
including details such as hydration state, salt forms, complexed moieties, i.e. mixtures,
and stereochemistry. Therefore, we intentionally refrained from applying common pre-
processing procedures used in molecular ML workflows, such as salt removal or element
filtering [19]. However, a subset of molecules, particularly metal-containing complexes,
caused issues during the calculation of the RDKit physicochemical properties (cf. Table
2 and Section 2.2). To assess the impact of structure standardization on predictive
performance, we conducted an additional experiment comparing models trained on
the original structures with models trained on structures processed through a clean-
ing pipeline. For this purpose, we employed the MolPipeline package [19] including
the SaltRemover and ElementFilter with default parameters. After applying this
pipeline, we remove exact duplicates. Overall, we remove 825 from all 8785 available
compounds.

As machine learning (ML) requires large amounts of data and we build per-assay
models using a nested 5-fold cross validation (CV), we excluded all assays with fewer
than 500 available compounds, leaving 59 assays (cf. Table 3).
Data splitting: To obtain statistically robust model performance estimates, we
employed a nested CV strategy. Specifically, for each assay and model, we performed an
outer 5-fold CV, yielding five performance estimates. Within each outer training split

1We published the download script on GitHub: https://github.com/volkamerlab/ToxCastScraper/
releases/tag/v1. Note that for newer versions of CompTox, the updated version of the scraper needs to be
used.
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Table 2 Table summarizing the smiles reported in the ToxCast dataset.
Abbreviations: ‘mixture’: a mixture of more than one molecule, ‘metal complex’:
a mixture, where at least one of the molecules has at least one metal atom, ‘salt’:
mixture with at least one negatively and one positively charged molecule,
‘metal-containing’: single molecule with at least one metal atom

category count % molecules % with issues in
physicochemical properties

ordinary organic 6866 78.16 0.33
mixture 919 10.46 5.01
metal complex 489 5.57 99.8
salt 374 4.26 7.22
very small (< 5 atoms) 82 0.93 14.63
metal-containing 50 0.57 88.0
charged organic 4 0.05 0.0

Table 3 Table summarizing the steps filtering the considered assays
along with the number of remaining assays at each step.

filter step remaining assays
hormone receptor activity assays in ToxCast 132

available via CompTox Dashboard 127
at least 500 tested compounds 59

DataSail split feasible (cf. Section ‘Data splitting’) 52

(four folds), we conducted a nested 4-fold CV to evaluate hyperparameter combina-
tions. Model selection was based on the highest mean Matthews correlation coefficient
(MCC) across the inner folds. The selected model was subsequently retrained on the
full outer training set and evaluated on the corresponding test fold (cf. Fig. 2).

We used DataSail (Version 1.2.3) [5] to perform a distance-based split for each
assay into five folds, each accounting for approximately 20% of the respective assay
dataset. DataSail formulates the data splitting task as an integer linear program
(ILP). To this end, molecules are first clustered based on compound similarity, and
the optimization ensures that all compounds within the same cluster are assigned
to the same dataset partition. Clustering is performed using the DataSAIL’s default
parameters, i.e., Tanimoto similarity computed on Morgan fingerprints [20]. As Data-
Sail generates ILP-based splits, these splits are deterministic and optimized to satisfy
the desired similarity constraints rather than being generated randomly. As a result,
the repeated CV strategy proposed by Ash et al. [7] is not directly applicable while
preserving the same splitting principles. Moreover, performing multiple CV runs with
the high number of tested combinations and hyperparameters would be prohibitively
computationally expensive. Thus, using a nested 5-fold CV instead of repeated CV is
a compromise that preserves the chemically informed splitting strategy while enabling
a broad comparison across methods.

Due to the high class imbalance in the assays, we additionally used the stratification
parameter to ensure that the class ratio was similar across all folds. Using the default
parameters, the used SCIP solver [21, 22] was only able to split 32 assays. Therefore, we
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Fig. 2 Illustration of the 5-fold CV with a nested 4-fold CV for hyperparameter tuning.

relaxed the constraints according to the recommendations in the DataSail frequently
asked questions by setting the epsilon (controlling the allowed error in dataset size)
and delta (controlling the allowed error in the stratification constraint) parameters to
0.3, which allowed us to perform the splitting for 52 of the 59 assays.

2.2 Compound Representations

To systematically evaluate the impact of different molecular encodings on model
performance, we compared several commonly used compound representations. Com-
pounds were encoded as fixed-length numerical feature vectors suitable for tabular
machine-learning models. All features were calculated from their canonical SMILES
representation [17]. In our study, four different representations were evaluated: physic-
ochemical properties, two types of structural fingerprints, and transformer-based
embeddings of SMILES.

Physicochemical properties: Physicochemical descriptors comprise mostly
scalar molecular features such as molecular weight or logP [16, 23]. We use the 217
RDKit descriptors, which are a fixed set of molecular properties computed from the
2D graph of the molecule, covering constitutional properties (e.g. molecular weight
and atom counts), topological indices (e.g. the Hall-Kier alpha index and Chi indices),
and physicochemical features such as logP, hydrogen-bond donors/acceptors, and
fragment-based scores [24]. Compounds, for which RDKit descriptors could not be fully
computed (i.e., containing nan or infinite values), were excluded from the experiments
with physicochemical properties as features. As shown in Table 2, some compound
classes, particularly metal complexes, frequently cause failures in RDKit descriptor cal-
culations. Excluding these compounds from physicochemical property analyses could
introduce bias when comparing physicochemical properties with other compound rep-
resentations. To assess this effect, we performed additional experiments using only
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compounds with valid RDKit descriptors across all representations. Moreover, we
evaluated alternative preprocessing strategies that retain all compounds for the physic-
ochemical properties, including median imputation of missing values and removal of
the 18 affected descriptors. Lastly, we compared these approaches with compound
cleaning using MolPipeline, as described above. These additional experiments were
conducted using a random forest model without dimensionality reduction.

Structural fingerprints: Structural fingerprints encode molecular structure
mostly as binary vectors (sometimes also count vectors are used). We considered two
commonly used methods implemented in the RDKit library: MACCS (Molecular ACC-
sess System) and Morgan fingerprints. MACCS fingerprints were generated using the
166-bit variant, where each bit corresponds to a predefined SMARTS pattern repre-
senting a functional group; bit values indicate presence or absence. Due to the fixed
mapping between bits and substructures, MACCS fingerprints offer straightforward
interpretability. Morgan fingerprints encode atom-centered neighbourhoods up to a
given radius (i.e. bond length). Atom identifiers are iteratively updated to incorporate
neighbouring atoms and the resulting identifiers are hashed into a fixed-length bit vec-
tor. Morgan fingerprints were generated with RDKit default parameters (2048 bits,
radius 3). The initial atom identifiers of the fingerprint version that we use are based on
atom connectivity and are, thus, roughly equivalent to the extended-connectivity fin-
gerprints (ECFP)[25, 26]. Following the diameter-based naming convention of ECFP,
this configuration corresponds closely to ECFP6[25], which has been shown to be
suitable for assessing chemical similarity [27].

Deep learning-based embeddings of SMILES: To obtain informative fixed-
length molecular representations that capture structural and chemical relationships
beyond handcrafted descriptors, we generated embeddings directly from SMILES
strings using transformer-based chemical language models [2, 28–30]. Specifically, we
adopted the foundation model of Sultan et al. [2], pre-trained using masked language
modeling on 30% of the GuacaMol dataset [31]. Following the authors’ protocol, we
performed domain adaptation (DA) separately for each training set using a multi-task
regression (MTR) objective. RDKit physicochemical descriptors were required for DA;
compounds with missing or infinite values were excluded from this step and embed-
ded only after model adaptation. Encoder outputs were used as tabular molecular
representations with a fixed length of 768 bits for downstream models.

2.3 Dimension Reduction Techniques

To reduce the dimensionality of the input feature space, we evaluated both feature
selection (FS) and feature extraction (FE) methods. Feature selection retains a sub-
set of the original features, whereas feature extraction transforms the original feature
space into a lower-dimensional representation through linear or non-linear combina-
tions of the original features [3, 32]. We considered three FS methods and one FE
method. All dimension reduction methods were fitted exclusively on the training data
within each data split and subsequently applied to the corresponding test data to pre-
vent data leakage [3]. To ensure a meaningful comparison, each dimension reduction
method was evaluated using a protocol consistent with its underlying assumptions
and recommended application. Rather than imposing a uniform preprocessing strategy
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across all methods, which may advantage some methods while disadvantaging others,
each method was assessed under conditions that preserve the statistical quantity on
which it is based. The specific preprocessing protocol and its rationale are described
in the corresponding method sections.

Mutual Information: Mutual information (MI) quantifies the statistical depen-
dency between a feature and the target variable, with higher values indicating that
the feature provides more information about the class labels [33]. MI is invariant to
invertible and differentiable transformations in the feature space [34]. Thus, no scal-
ing or standardization is required. We use the mutual info classif function from
scikit-learn to estimate the MI between the features and the response. Based on these
scores the features were ranked and the top 100 were used for model training.

Variance: Variance-based feature selection assumes that features with greater
variability across samples are more likely to capture meaningful differences between
classes. Since variance is sensitive to feature scale, we first applied min–max normal-
ization to ensure that all features lie within the same range [35]. We then computed the
variance of each feature on the normalized training set and selected the 100 features
with the highest variance.

Minimum Redundancy Maximum Relevance: We performed Minimum
Redundancy Maximum Relevance (MRMR) feature selection using the mrmr-selection
Python package (version 0.2.8) with its default settings. Features were selected using
a greedy forward-selection procedure that maximizes relevance to the target variable
while minimizing redundancy among the selected features [3]. Relevance was quantified
using the Analysis of Variance (ANOVA) F-statistic, and redundancy was measured
using the Pearson correlation coefficient (PCC). The ANOVA F-statistic is defined
as the ratio of between-group to within-group variance [36]. Because both quantities
are affected equally by linear transformations, the F-statistic is invariant to scaling
and standardization. Similarly, the Pearson correlation coefficient (PCC) is invariant
to linear transformations [37]. Consequently, neither ANOVA nor PCC require prior
scaling or standardization, and no preprocessing was applied before MRMR.

Principal Component Analysis: Principal component analysis (PCA) was used
as the FE method. PCA transforms the original features into a new set of orthogonal
components, which are linear combinations of the input features [38]. As PCA is sensi-
tive to features with different scales, standardization is widely considered necessary to
prevent variables with large variances from dominating the principal components [39].
Thus, we applied a standardization using the scikit-learn StandardScaler with default
parameters [40]. The first 100 principal components were computed using scikit-learn
and used as input features for downstream models.

2.4 Machine Learning Models

ML is commonly divided into four categories: supervised, unsupervised, semi-
supervised, and reinforcement learning [41]. Since toxic endpoint prediction is primar-
ily addressed using supervised learning [42], we restrict our benchmarking pipeline to
five supervised algorithms designed for tabular data. As it is often claimed that graph
neural networks (GNNs) outperform classical models on tabular data, we compared
in addition the best combination of our benchmarking with the recently published
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CheMeleon model [43]. All models and implementation details are introduced in the
following.

Support Vector Machine: We evaluated a support vector machine (SVM), a
supervised classification algorithm that separates samples in the feature space using
a hyperplane [38]. Since the SVM algorithm relies on distances in the feature space,
model performance can be affected when features are measured on different scales.
Therefore, all input features were standardized prior to model training, following the
recommendation of Wiltos [44]. We used the scikit-learn implementation of the SVM
and tuned three hyperparameters (Section 2.1): the kernel function (kernel), the
kernel coefficient (gamma), and the regularization parameter (C). Because gamma is
only applicable to non-linear kernels, the hyperparameter grid comprised 49 combi-
nations (Table 4). To account for class imbalance, the class weight parameter was
fixed to ‘balanced’, which assigns class weights that are inversely proportional to the
class frequencies. Additionally, probability was set to True to enable probability
estimates, which are required for performance metrics such as the area under the
receiver operating characteristic curve (AUROC). Appendix Table 1 lists all remaining
hyperparameters that were kept at their default or fixed values.

Random Forest: A random forest (RF) is an ensemble method that consists of
many decision trees that are combined to enhance robustness and predictive power [45].
For the RF, we also used the scikit-learn library. The number of trees (n estimators),
the maximum depth of the trees (depth), and the minimum number of samples per
leaf (min samples leaf, cf. Table 4 for the tested ranges). In total 48 hyperparameter
combinations were tested (cf. Section 2.1 for details on the hyperparemeter tuning).
For the RF, we also fixed the class weight to ‘balanced’. As RFs have been shown
to be robust regardless of the feature scaling, we did not scale the features prior to
RF training [46].

CatBoost: We evaluated CatBoost (for ‘Categorical Boosting’), a gradient boost-
ing algorithm based on decision trees [47]. In contrast to RFs, CatBoost builds trees
sequentially, with each tree correcting the errors of its predecessors [48]. The algorithm
natively supports categorical features through efficient encoding strategies, while also
being well suited for datasets containing only continuous features, such as physico-
chemical descriptors [49]. As for RF, CatBoost performance is not affected by scaling
or not scaling the input features [46]. We used CatBoost version 1.2.8 and tuned the
hyperparameters according to the official CatBoost recommendations. Specifically, we
tuned the L2 leaf regularization (regularization strength), the bootstrap type (sam-
pling strategy), and the maximum tree depth (tree complexity) (Table 4). In total, 56
hyperparameter combinations were evaluated.

Multi-layer Perceptron: We evaluated a multi-layer perceptron (MLP), a feed-
forward neural network consisting of an input layer, one or more hidden layers, and
an output layer, in which each neuron applies a weighted sum of its inputs followed
by a (non-)linear activation function [50].

Because MLPs are sensitive to the scale of the input features [38], all features were
standardized prior to model training. We employed scikit-learn version 1.6.1 for the
MLP implementation.
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Owing to the larger number of configurable hyperparameters, the MLP had the
most extensive hyperparameter search, comprising 192 combinations. Specifically, we
tuned the L2 regularization strength (to reduce overfitting), the activation function
(to determine the non-linear transformation applied by each neuron), and the hidden
layer dimensions (to control the network capacity, cf. Table 4).

Early stopping was enabled to reduce overfitting, and the adaptive learning rate
schedule was used throughout (cf. Appendix Table 1).

TabPFN: TabPFN (for ‘Tabular Prior-data Fitted Network’) is a foundation
model designed for tabular datasets of small to medium size [51, 52]. Unlike conven-
tional neural networks, TabPFN relies on a pretrained prior over a large distribution
of synthetic tasks rather than being trained from scratch on the target dataset.

We used tabpfn version 8.5.0 without fine-tuning limit. According to Hollmann
et al. [51], TabPFN processes raw tabular data because normalization is integrated
into its workflow. Therefore, we did not apply feature normalization before training.
As the 2048 bit Morgan fingerprint is larger than the 2000 bit limit of TabPFN, we set
the ignore pretraining limits to True so that we could still train models on the
Morgan fingerprint without DR. As TabPFN is a foundation model, no hyperparam-
eter tuning was performed. Instead, we conducted standard 5-fold CV, fine-tuning a
new TabPFN model on the training folds in each iteration before evaluating it on the
corresponding test fold.

CheMeleon: CheMeleon is a directed message passing neural network (D-MPNN)
based on the D-MPNN implementation in the chemprop package. In contrast to
chemprop, CheMeleon is pretrained on a large corpus of PubChem compounds to
predict their Mordred descriptors [43]. To make task-specific predictions it must be
fine-tuned on a small labelled dataset. Following the evaluation protocol of Burns et al.
[43], we did not conduct hyperparameters optimization. Instead, all experiments were
performed using the hyperparameter configurations reported in the original study.
Thus, as for TabPFN, we fine-tuned the pre-trained CheMeleon foundation model
separately for each training fold in the 5-fold CV, using chemprop version 2.3.1..

Baseline: Traditional toxicity assessment often included a method called read-

across, which is based on the assumption that similar compounds will show similar
activity [53]. Inspired by this traditional approach, we compare the ML models against
a baseline, which, for each compound from the test set, ‘predicts’ the label of its
nearest neighbour from the training set based on the Tanimoto similarity between the
Morgan fingerprints.

2.5 Model Evaluation and Statistical Analysis

We used the MCC to evaluate model performance. Although the area under the
receiver-operator-characteristics curve (AUROC) is commonly reported in toxicity
prediction models, it is less suitable for highly imbalanced datasets. [54] In contrast,
MCC has repeatedly been shown to provide a reliable performance measure for binary
classification under class imbalance [55, 56]. MCC is a binary analog of the Pearson
correlation coefficient (PCC) and is computed from the confusion matrix, consisting
of true positive (TP, predicted class = actual class = 1), false positive (FP, predicted
class = 1, actual class = 0), true negative (TN, predicted class = actual class = 0),

12



Table 4 Hyperparameter ranges for the employed models: SVM, RF, CatBoost2, and MLP.

Model Hyperparameter Range #Comb.

SVM [40]
Kernel function (kernel) linear, poly, rbf, sigmoid

(3·2+1)·7 = 49Kernel coeff. (gamma)2 scale, auto
Regularization (C) 0.001, 0.01, 0.1, 1, 10, 100, 1000

RF [40]
Number of trees (n estimators) 100, 300, 500

3·4·4 = 48Maximum depth (max depth) 10, 20, 30, 40
Min. samples/leaf (min samples leaf) 5, 10, 15, 20

CatBoost [47]
L2 leaf regularization (l2 leaf reg)
Bootstrap type (bootstrap type)
Maximum depth (max depth)

0.001, 0.01, 0.1, 1
‘Bayesian’, ‘Bernoulli’
4 – 10

4 · 2 · 7 = 56

MLP [40]

Strength of L2 regularization (alpha)
Activation function
(activation function)
Hidden layer dimensions
(hidden layer sizes)

0.00001, 0.0001, 0.001, 0.01, 0.1, 1
‘relu’, ‘tanh’, ‘logistic’, ‘identity’

(50,), (100,), (50, 50), (100, 50),
(100, 100), (50, 50, 50),
(100, 100, 100), (100, 100, 50)

6 · 4 · 8 = 192

2 Only relevant for ‘poly’, ‘rbf’, and ‘sigmoid’ kernels.

and false negative (FN, predicted class = 0, actual class = 1) [55]:

MCC =
TP · TN− FP · FN

√

(TP + FP) · (TP + FN) · (TN + FP) · (TN + FN)
(1)

Because the MCC is not additive across cross-validation folds, we did not compute
arithmetic means or medians directly. Instead, MCC values were first transformed
using Fisher’s transformation, yielding approximately normally distributed values [57].
Mean and median values were calculated on the transformed scale and subsequently
back-transformed using the inverse Fisher transformation. Throughout this work, these
values are referred to as the adjusted mean and adjusted median MCC.

To compare model performance statistically, we employed the Friedman test with
the Iman–Davenport correction, followed by the Nemenyi post-hoc test [6, 7, 58, 59].
This non-parametric framework is recommended for comparing multiple machine
learning algorithms across datasets and does not require assumptions such as normal-
ity or homoscedasticity. The Friedman test ranks the competing methods separately
for each dataset (here: assays or cross-validation folds) and tests whether their average
ranks differ significantly. The Iman–Davenport correction provides a more powerful
test statistic than the original Friedman test [59]. When the global null hypothesis was
rejected, pairwise differences were assessed using the Nemenyi test, which compares
average ranks while controlling the family-wise error rate. Because the analysis is rank-
based, statistically significant differences may occur even when absolute MCC values
differ only marginally. When comparing only two models, the Wilcoxon signed-rank
test is recommended [6]. This non-parametric alternative to the paired t-test accounts
for the paired nature of the observations and does not assume normally distributed
performance differences. Similar to the Friedman–Nemenyi test, it is rank-based and
compares paired samples, i.e., model performances obtained on the same CV folds.
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To compare individual pipeline components (compound representations, dimen-
sionality reduction methods, and learning algorithms), we grouped all evaluated
pipelines according to the component of interest and computed the adjusted mean
MCC for each assay across the remaining pipeline configurations. These adjusted mean
MCC values were then ranked per assay and compared using the Friedman–Nemenyi
procedure. As recommended by Demšar [6], we use a two-sided Wilcoxon signed rank
test, when performing comparisons between two classifiers, i.e., when comparing the
best ML model with the baseline and CheMeleon, respectively.

Lastly, we analyse the dataset characteristics that influence model performance.
In particular, we focus on (i) class imbalance, (ii) local structure-activity consistency
around active compounds (the minority class) measured via Tanimoto similarity on
the Morgan fingerprints and (iii) the detection of activity cliffs. Roughly speaking,
activity cliffs are similar compounds that do not show similar activity. Usually activity
cliffs are defined via the ratio of difference in activity to the distance between the
compounds in a chemical space [60]. While activity cliffs are traditionally defined
using continuous potency measurements, the assays considered in this study provide
only binary activity labels. Thus, we define an activity cliff if a compound shows a
discordant label with its partners in a matched molecular pair (MMP). MMPs are
calculated using the rdkit.Chem.rdMMPA. We tested several values for the number
of heavy atoms and the ratio of the core size that define the maximum size of the
swapped substituent. In particular, we tested 6, 8, and 10 as maximum number of
heavy atoms and 0.2, 0.5, and 0.8 as maximum fraction of the core size (cf. Appendix
Table 3). As a balance between the two values, we show results for ≤ 8 heavy atoms
and 0.5 times the core size.

3 Results

The aim of this study is to benchmark ML pipelines for toxicity prediction with a
particular focus on hormone receptor activity. First, we will investigate the general
performance of the models. To be comparable to the literature, we will report the
achieved AUROC values. However, as discussed above, we will mainly focus on the
Matthews correlation coefficient (MCC), as it accounts for the class imbalance.
To investigate which particular design choices influence the performance, we system-
atically compare different compound representations, dimensionality reduction (DR)
methods, and ML models across the evaluated assays. We first present the results
for the individual pipeline components, followed by an analysis of their combinations
to identify the best-performing pipelines. The best-performing pipeline will then be
compared against the D-MPNN model CheMeleon to investigate whether graph-based
models can outperform the rather simple tabular models. Moreover, we analyse the
influence of preprocessing strategies and compound removal on the model performance.
Finally, we investigate how dataset characteristics, including the number of available
samples, class balance, and the chemical diversity of the tested compounds, relate to
predictive performance.
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Fig. 3 Boxplot showing the best achieved performance for each assay in terms of AUROC (left)
and MCC (middle). The right plot shows the MCC performance of the baseline model that always
predicts the label of the closest neighbour in the training fold.

3.1 Toxic Endpoint Prediction Performance Revisited

Several ML methods have been proposed for toxicity prediction, ranging from more
classical methods including RFs, SVMs, and gradient boosting approaches to deep
neural networks [53, 61–64]. Reported performances on benchmark datasets often
imply that toxicity endpoints can be predicted reasonably well, with AUROC val-
ues frequently exceeding 0.7 or 0.8 for selected endpoints. However, these studies
typically differ in evaluation protocols, molecular representations, and train–test split-
ting strategies, making direct comparisons difficult, and are to a vast extent missing
strategic evaluation of significant improvements over baseline performance. Moreover,
AUROC can provide an overly optimistic values on highly imbalanced datasets, as it
does not directly account for the correct classification of the minority class. Never-
theless, it remains one of the most commonly reported metrics for toxicity prediction
models and often no other metric, which is more suitable for imbalanced datasets is
reported.

For reference, we therefore also investigated AUROC performance on the 52 hor-
mone receptor activity data sets investigated in this study, using the DataSail split.
DataSail [20] generates chemically dissimilar train-test partitions and therefore rep-
resents a substantially more challenging evaluation setting than conventional random
splits. As a consequence, predictive performance is typically lower than that observed
in random split experiments, but the resulting estimates better reflect a model’s abil-
ity to generalize to previously unseen chemical space and are therefore more indicative
of real-world applicability. Fig. 3 shows the best achieved AUROC values for each
assay across all evaluated combinations. Despite the increased difficulty of this split-
ting strategy, the achieved AUROC values range from 0.6 to 0.9 and are therefore
within the range reported for several toxicity prediction tasks [62, 63].

Importantly, the corresponding MCC values remained substantially lower. When
considering the best model per endpoint, only moderate overall MCC values are
observed ranging from less than 0.1 to barely above 0.5, with a median MCC value of
0.32 across all 52 assays. This discrepancy illustrates why relying solely on AUROC
may lead to overly favourable conclusions when evaluating highly imbalanced toxicity
datasets. Consequently, the following analyses will be based on MCC. Comparing the
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MCC values of the nearest-neighbour baseline, which can be viewed as a simple read-
across strategy assigning the label of the most similar compound [53], to those of the
ML models shows that the evaluated approaches consistently outperform this base-
line, which achieves a median MCC of around 0 (right side of Fig. 3). We performed
a two-sided Wilcoxon signed rank test to compare the ML models with the baselines,
and the ML models significantly outperform this baseline (p-value ≈ 3.5 · 10−10).
The baseline exploits a strong prior assumption commonly used in toxicology, namely
that structurally similar compounds tend to exhibit similar biological and toxicolog-
ical properties [53, 65, 66]. The fact that ML models are able to improve upon this
nearest-neighbour strategy demonstrates that they capture some additional structure–
activity relationships beyond direct chemical similarity. At the same time, the median
MCC of 0.32 for the ML models is still modest, which highlights the importance of
understanding the factors that constrain predictive performance. We therefore look
into the individual components of the modeling aspect and how they influence the
performance (see Sections 3.2-3.5); as well as the dataset characteristics, and examine
how properties such as chemical diversity, class imbalance, and distribution of active
compounds influence model performance (see Section 3.7).

3.2 Compound Representations

The molecular representation constitutes the foundation of any toxicity prediction
pipeline, as it determines which chemical information is available to the learning algo-
rithm [54]. Several studies have suggested that transformer-based embeddings can rival
or even outperform classical descriptors and fingerprints on several molecular property
prediction tasks, while other studies claimed the opposite [2, 28]. Therefore, we first
investigate which type of molecular representation is most informative for predicting
hormone receptor activity across the evaluated ToxCast assays and ML models.

To compare molecular representations across the 52 assays, we require a perfor-
mance measure that is robust to differences in endpoint difficulty. Directly averaging
MCC values across assays would allow particularly easy or difficult assays to domi-
nate the comparison. Therefore, for each assay, we first determine the relative ranking
of the four representations based on their adjusted mean MCC across all evaluated
model and DR combinations. We then compare these assay-specific ranks using the
Nemenyi test. This analysis allows us to assess whether one representation consis-
tently outperforms the others across endpoints, rather than merely achieving a higher
average MCC due to a small number of favourable assays.

The results of the Nemenyi test are shown in Fig. 4. The critical difference plot
(left) shows the average rank of the representations across all these tests as well as
the average of all fisher-transformed MCC values back transformed to the original
scale. If a group of representations is connected by a vertical line it means that there
is no significant difference in their average rank according to the Nemenyi test, i.e.,
the difference in ranks did not exceed the critical difference. The p-values for each
pairwise comparison can be found on the right side of Fig. 4.

The results of this analysis reveal that physicochemical properties achieve the best
average rank of 1.63. However, they only significantly outperform the other two fin-
gerprint representations and not the learned embeddings. MACCS fingerprints and
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Fig. 4 Results of the Nemenyi test performed to compare compound representations across all DR
method-model combinations for all tested assays. Left: Critical difference plot of the compound rep-
resentations; if there is no significant difference between the average rank of different compound
representations, they will be connected by a vertical line. Right: P-value heat map; a red p-value
indicates that the difference was significant with significance level of 0.05. Abbreviations: ‘physico-
chemical properties’ with ‘physchem’, ‘embeddings’ with ‘embed’.

embeddings from a pretrained DL model both show ranks close to 2.5 and are not
significantly different, while Morgan fingerprints with an average rank of 3.46 perform
significantly worse than all other representations. To further investigate these differ-
ences, we ranked each of the 100 tested combinations for each of the 52 assays. Then,
we counted how often each of the descriptors was in the top 1, top 3, and top 5 of
all combinations (see Fig. 5). Notably, since we are now considering combinations,
for the top 3 and top 5, the total amount of considered data points is 3 · 52 = 156
and 5 · 52 = 260, respectively. In particular, the descriptors can occur in the rank-
ing multiple times in each assay, i.e., if the descriptor was particularly informative, it
might occur 5 times in the top 5 for one assay with different combinations of model
and DR method. We report the fraction of top k combinations, in which the respec-
tive representation was used. We can observe that physicochemical properties are part
of the best combination in half (26/52) of the tested assays. A similar pattern can
also be observed for the top 3 and top 5 combinations, where the physicochemical
properties are involved 86 (55%) and 138 (53%) times, respectively. In numbers, the
embeddings and MACCS keys show only slight differences, while Morgan fingerprints
are the least often involved in the top performing combinations, which aligns with the
result of the Nemenyi test. Interestingly, however, although the Nemenyi test did not
find a significant difference between physicochemical properties and embedding, the
physicochemical properties are considerably more often involved in the top performing
combinations.

This is consistent with the findings of Sultan et al. [2], who showed that chem-
ically and physically-informed compound representations yield better performances
across model types and different ADME (Absorption, Distribution, Metabolism, and
Excretion) datasets. Yet, we have to acknowledge that the worse performance of Mor-
gan fingerprints may be partially explained by our data splitting strategy: We use the
default parameters of DataSail, which means that the datasets are constructed so that
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approaches across the 52 tested assays.

the dissimilarity of the Morgan fingerprints between the folds is maximized. Poten-
tially, this makes it particularly difficult for the models to predict using this descriptor
(cf. Section 4.4 for a more detailed discussion).

Interestingly, the observed ranking differences are larger than the correspond-
ing differences in absolute predictive performance. While physicochemical descriptors
show an advantage in terms of rank consistency across assays, the adjusted mean
MCC values remain relatively close, ranging from 0.19 for physicochemical properties
to 0.12 for Morgan fingerprints. This suggests that the primary benefit of physico-
chemical descriptors lies in their robust performance across diverse endpoints rather
than in large performance gains for individual assays. Their superiority might further
indicate that global molecular properties remain highly informative for the evaluated
toxicity endpoints, potentially because characteristics such as molecular weight, and
or charge may capture biologically relevant aspects of hormone receptor interactions
more directly than purely structural representations.

3.3 Dimension Reduction

Many molecular representations contain hundreds or even thousands of features,
potentially introducing redundancy, noise, and an increased risk of overfitting [3,
54, 67]. Dimensionality reduction (DR) is therefore frequently applied in chemin-
formatics and toxicity prediction workflows to improve model generalization, reduce
computational complexity, and enhance interpretability. However, it remains unclear
whether reducing the feature space is beneficial for hormone receptor activity predic-
tion across diverse toxicity endpoints. Therefore, we investigate the impact of different
DR strategies on predictive performance.

As for the compound representations, we use the same rank-based comparison
strategy. For each assay, we aggregate the performance of all pipelines employing the
same DR method, assign ranks based on the adjusted mean MCC values, and compare
these ranks using the Nemenyi test. This allows us to evaluate whether a DR strategy
consistently improves performance across endpoints (see Fig. 6).

We observe that applying no DR method has the best average rank (1.90); however
it is not significantly different from MRMR and variance-based FS. Moreover, among
the DR approaches, there is no significant difference between MRMR, variance-based,
and mutual information-based feature selection, with average rank values of 2.42,
2.62, and 3.21, respectively. In contrast, PCA exhibits the worst average rank and is
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Fig. 6 Results of the Nemenyi test performed to compare DR methods across all compound
representation-model combinations for all tested assays. Left: critical difference plot; if there is no
significant difference between the average rank of different DR methods, they will be connected by a
vertical line. Right: p-value heat map; a red p-value indicates that the difference was significant with
significance level of 0.05.

significantly outperformed by all alternative approaches. Overall, none of the evaluated
DR methods consistently improved predictive performance. However, our analysis is
restricted to a latent dimensionality of 100, and the relative effectiveness of DR may
depend on both the molecular representation and the chosen target dimensionality.
Therefore, while omitting DR yielded the strongest performance in our benchmark,
these results should not be interpreted as evidence that DR is generally detrimental.
Given that DR can substantially reduce training time and memory requirements,
applying an appropriate DR method may still be advantageous in practice, particularly
for computationally demanding settings.

Interestingly, the ranking differences are again more pronounced than the corre-
sponding differences in absolute MCC values. The advantage of using the full feature
set suggests that the evaluated models can more effectively exploit the available
feature dimensions without substantial overfitting. Moreover, toxicity-relevant infor-
mation appears to be distributed across many features, such that feature reduction
may remove complementary predictive signals. Notably, we always reduce the dimen-
sionality of the features to 100 descriptors independent on the original feature space.
This was done because otherwise the computational cost of optimizing the number
of descriptors for dimensionality reduction would not be feasible. Consequently, our
analysis cannot exclude the possibility that alternative dimensionalities would lead to
improved performance for specific dimensionality reduction methods. In particular,
the benefit of applying DR methods might even differ between different compound
representations. Therefore, we repeated the same analysis as above, only consider-
ing combinations with physicochemical properties, as they were the best performing
representation (cf. Appendix Fig. 1).

We observe that for this subset of combinations, there is no significant difference
between mutual information (MI)-based FS and no DR. Moreover, there is no sig-
nificant difference between MRMR, MI-, and variance-based FS. Thus, the choice
of DR method does not appear to have a large influence for the models trained on
physicochemical properties.
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3.4 Machine Learning Models

We next compare the evaluated classifiers across all compound representations and DR
strategies to identify the most performant approach for hormone receptor activity pre-
diction. Following the analysis strategy used in the previous sections, we aggregate the
performance of all pipelines employing the same ML model, derive assay-specific ranks
from the adjusted mean MCC values, and compare these ranks using the Nemenyi test
(see Fig. 7). RF achieves the best average rank (1.35) and significantly outperforms all
other evaluated models. In addition to its superior ranking, RF also achieves the high-
est adjusted mean MCC of 0.2. SVM and CatBoost form a second performance tier,
while MLP and TabPFN show the weakest performance overall. Although all models
achieve relatively modest average MCC values, RF consistently obtains the best ranks
across assays, indicating robust performance across diverse endpoints. Combined with
its high interpretability and low computational cost, these results suggest that classical
tree-based ensemble methods remain a strong choice for toxicity prediction.

Fig. 7 Results of the Nemenyi test performed to compare models across all compound representation-
DR method combinations for all tested assays. Left: Critical difference plot of the model. Right:
p-value heat map; a red p-value indicates that the difference was significant with significance level of
0.05.

One potential explanation of the particular weak performance of the deep learning
models (MLP and TabPFN), is the low dataset size. As NNs are complex models with
many parameters, they tend to overfit; especially, if the training dataset is too small.
Therefore, we investigate which model was in the best performing combination for
each assay in relation to the performance and the assay size (cf. Fig. 8). Surprisingly,
for none of the assays with a high number of tested samples a deep learning model
was performing best. For 8 out of 10 largest assays the RF was the best model and
the SVM for the remaining 2. MLP and TabPFN were each only the best model in
two assays with less than 4000 samples. In the two assays, where TabPFN performs
best, it also achieves decent performance values with MCC above 0.45. Notably, there
seems also not to be a obvious correspondence between the assay size and the achieved
performance. This is counter-intuitive, as one would usually expect that models trained
on larger datasets would also perform better. A more in depth-analysis of the dataset
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Fig. 8 Scatter plot showing best achieved performance and assay size. The individual points are
coloured by the model that was used in the best combination for this assay.

characteristics that show a correlation to the performance are shown below (cf. Section
3.7).

3.5 Full Pipeline Evaluation

Our previous findings indicate that physicochemical properties, no DR, and RF, each
outperform all tested alternatives for their individual pipeline part. However, this does
not necessarily mean that they perform well in combination. Therefore, we now anal-
yse for each of the 100 tested combination in how many assays it was among the top
performing approaches. To this end, we again take the adjusted mean MCC for each
combination and assay and rank the combinations. Then, we count for each combina-
tion how often it was among the top 1, top 3, and top 5 approaches. The results of this
analysis are shown in Fig. 9. Notably, we only show combinations with at least 2 top
1 wins, as otherwise the plot would be too large. The RF trained on physicochemical
properties without DR is the best combination in 12 out of 52 assays. Moreover, it
ranks among the top 5 in 26 assays. This aligns with our previous findings that each
of the individual components is the best in their respective category. The combination
with the second highest number of top 1 rankings, i.e., RF on Morgan fingerprints
without DR, is only ranked among the top 5 in 8 assays, indicating that it does not
have a consistently strong performance. However, the plot reveals that the RF trained
on physicochemical properties with MI feature selection only shows the best perfor-
mance in 2 assays but considering the top 5 rankings, it performs competitive with 22
assays.
Our analyses show that the combination of RF with physicochemical properties and
no DR is often among the best performing combinations. Yet, it was not consistently
the best performing method across all assays. Consequently, it can be seen as a strong
baseline and starting point for future method development. However, other modeling
choices should still be considered and tailored to the specific application.
Given that RF models trained on physicochemical properties without DR achieved
the strongest overall performance, we further compared this configuration with the

21



Fig. 9 Combinations along with the number of assays, for which the were among the top k (k ∈
{1, 3, 5}) approaches. Notably, we only show combinations with at least 2 top 1 wins.

D-MPNN foundation model CheMeleon. Statistical significance was assessed using a
two-sided Wilcoxon signed-rank test (Fig. 10). We found that the RF model signifi-
cantly outperformed CheMeleon across the evaluated assays, achieving a median MCC
of 0.26 compared with 0.01 for CheMeleon. This finding highlights that, despite recent
advances in foundation models for molecular machine learning, comparatively simple
descriptor-based approaches can still provide strong predictive performance on Tox-
Cast hormone-related prediction tasks. While CheMeleon was fine-tuned following the
protocol of Burns et al. [43], future work could investigate whether dataset-specific
hyperparameter optimization improves its performance on this benchmark.

3.6 Influence of Preprocessing on Model Performance

One potential concern is that the superior performance of physicochemical descriptors
may be partly influenced by differences in compound handling across representa-
tions. As described in Section 2.2, compounds for which RDKit could not compute
all descriptors were excluded from the corresponding analyses, whereas they remained
available for the other molecular representations. To assess whether this discrepancy
introduced a systematic bias, we examined the relationship between the percentage of
excluded compounds and the adjusted mean performance difference between physico-
chemical descriptors and the other representations (Fig. 11). No statistically significant
association was observed (Pearson correlation (PCC): 0.105, p-value: 0.457; Spearman
correlation (SCC): 0.130, p-value: 0.358), indicating that models on assays with more
excluded compounds did not systematically show larger performance advantages for
physicochemical descriptors. Thus, we found no strong evidence that the exclusion of
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Fig. 10 Performance of RF trained on physicochemical properties and no DR versus CheMeleon
across all assays.

compounds substantially influenced the observed ranking of molecular representations.
Nevertheless, to further investigate the robustness of our findings, we next evaluate
the influence of different preprocessing and compound curation strategies on model
performance.
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Fig. 11 Percentage of dropped compounds for the physicochemical properties experiments along
with the observed adjusted mean performance difference physicochemical properties and the other
representations in terms of MCC.

The analyses presented above were conducted on the original ToxCast structures
without additional preprocessing (see ToxCast paper [18]), such as salt removal or
filtering of metal-containing compounds. Because such curation steps are common in
cheminformatics workflows, we investigated their impact by comparing three scenar-
ios: (1) using all compounds, (2) using all compounds except those excluded from
the RDKit descriptor experiments, and (3) using all compounds after cleaning with
MolPipeline [19]. This analysis allows us to assess whether the observed performance

23



differences are robust to compound curation and preprocessing decisions. For physic-
ochemical descriptors, scenario (1) is not directly feasible because RDKit could not
calculate all descriptor values for some compounds. Therefore, we considered two alter-
natives: median imputation of missing values or exclusion of the 18 descriptors that
contained missing or infinite values. For none of the molecular representations did we

Fig. 12 Boxplots showing the effect of different preprocessing strategies on model performance for
the different compound representations. Physicochemical Properties (Physchem): upper left, Embed-
dings: upper right, MACCS: lower left, Morgan: lower right. The annotation ‘n.s.’ indicates that there
is no significant difference between the connected pair of settings using the Friedman test with a
Nemenyi post-hoc procedure.

observe a significant difference in model performance between preprocessing strategies
(cf. Fig. 12). These results suggest that the choice of preprocessing strategy had only
a minor influence on predictive performance in our benchmark and that the exclu-
sion of compounds with missing RDKit descriptors did not introduce a substantial
systematic bias.

3.7 Influence of Dataset Characteristics on Performance

As mentioned in Section 3.1, the overall model performance in terms of MCC was
modest with average values around 0.3 (cf. Fig. 3). Notably, there are assays, where
the models achieved MCC values above 0.5, while for other assays the maximum MCC
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was below 0.1. Therefore, we investigated the characteristics of the different assay
datasets to better understand the large performance gaps.

Since dataset size alone showed only weak relationship with MCC performance (cf.
Section 3.4), we investigated three additional dataset characteristics that may help
explain this variation (computation details in methods section 2): (i) class imbalance,
(ii) local structure-activity consistency around active compounds (the minority class)
measured via whole-molecule fingerprint similarity, and (iii) structure-activity con-
sistency measured using matched molecular pairs (MMPs). For local neighbourhood
(ii), we calculate the fraction of active compounds that have a concordant label with
their nearest neighbour. Moreover, we average the fraction of label concordance of the
5 nearest neighbours across all active compounds in the assay dataset. As a comple-
mentary measure based on chemically interpretable structural changes, we identified
MMP analogs for active compounds and computed the fraction whose analog carried
the opposite label (MMP cliff fraction). The results of these analyses are shown in Fig.
13, additional dataset characteristics, e.g., dataset size, are shown in the Appendix.

Fig. 13 Relationship between best achieved performance and assay size (upper left), class imbalance
(upper right), or compound similarity (lower row).
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All four characteristics showed a relationship with predictive performance. While
class imbalance exhibited only a moderate correlation with MCC (ρ = 0.35), the
three measures related to local structure-activity consistency showed substantially
stronger associations with model performance. Considering only active compounds,
i.e. the minority class in all assays, the fraction of nearest neighbours sharing the
same label correlated positively with MCC (ρ = 0.55), as did the fraction of active
compounds among the five nearest neighbours (ρ = 0.58). Conversely, the MMP cliff
fraction correlated negatively with MCC (ρ = −0.57), i.e., more activity cliffs in the
data set make predictions on this dataset harder, thus, resulting in lower performance.
Notably, in Fig. 13, we use ≤ 8 heavy atoms and 0.5 times the size of the shared core
as hyperparameters for our MMP definition to provide a good balance between the
two. However, in Appendix Table 3, we provide the observed correlations for the other
tested hyperparameter combinations. The correlations for all tested values lie between
-0.32 and -0.58. Therefore, our conclusion that there is a negative correlation between
the presence of activity cliffs and model performance did not change.

The consistency of these correlations across both fingerprint-based and MMP-based
similarity measures suggests that predictive performance is more strongly associ-
ated with local structure-activity relationships of active compounds than with overall
dataset composition. Assays in which minority class compounds have many analogs
with different labels tend to be harder to predict. Taken together, these results indicate
that activity cliffs represent one of the primary challenges across the assay collection,
thus, the challenge is rooted in the data itself, rather than in the model architecture.
Our results align with the findings of Van Tilborg et al. [68], who showed that the pres-
ence of activity cliffs poses a particular challenge for ML models in various bioactivity
datasets. Notably, they took three different definitions of activity cliffs into account,
where one is based on Tanimoto similarity on Morgan fingerprints, corresponding to
our analysis of structure-activity consistency around active compounds. Interestingly,
they also demonstrate that classical ML models trained on simple molecular descrip-
tors outperform deep learning models in the presence of activity cliffs across the tested
datasets.

To further investigate our observation, we take a closer look at the com-
pounds in the two assay datasets with the worst performance (cf. Fig. 14),
i.e., OT AR ARELUC AG 1440 (MCC: 0.05), and TOX21 ERb BLA Agonist ratio
(MCC: 0.08), and with the best performance (cf. Fig.15), i.e., NVS NR bER (MCC:
0.55), and TOX21 AR LUC MDAKB2 Antagonist 0.5nM R1881 (MCC: 0.49) label.

We observe that for the worst performing assays, there are very similar compounds
– sometimes only distinguishable by one stereoisomer – that show different activity,
illustrating the difficulty of the task. Interestingly, compound DTXSID7020687 in Fig.
14 appears to be tested as a stereoisomeric mixture rather than as a pure form. In this
case, the observed activity is dominated by the active isomer. This introduces addi-
tional complexity for predictive modeling, as the measured activity does not directly
correspond to a single well-defined stereochemical structure.

In other cases, the activity changes despite only a single substitution on an aro-
matic ring. For example, compounds that differ only by the replacement of a hydroxyl
group with bromine, chlorine, or hydrogen at the para position can switch the molecule
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Fig. 14 Example compounds from the two assays with the worst achieved performance:
OT AR ARELUC AG 1440 (upper two rows), and TOX21 ERb BLA Agonist ratio (lower two rows).
Abbreviations: ‘res’ is the label (1: active, 0: inactive).

from active to inactive for ERβ agonism, as for the 4-phenoxyphenol in Fig. 14. Such
examples highlight that small structural changes may substantially alter the under-
lying binding mode. Similar observations have been reported for bisphenol analogs
that interact with ERα, where docking studies showed that differences in hydrogen-
bond formation with key receptor residues were important for distinguishing active
and inactive compounds despite their highly similar core structures, suggesting that
fingerprint-based representations alone may not fully capture the relevant binding
determinants [69].

On the contrary, for the best performing assays (Fig. 15), we see that similar com-
pounds often tend to have the same response, which potentially makes the prediction
task easier for the models.

4 Benchmark Design and Evaluation Considerations

In this study, we systematically benchmarked compound representations, dimensional-
ity reduction (DR) strategies, and ML models for predicting hormone receptor activity
across 52 ToxCast assays. Overall, our results demonstrate that random forests (RFs)
consistently outperform all other tested approaches evaluated across all representa-
tion–DR combinations. Moreover, across all experiments physicochemical properties
are the best compound representation and we show that the application of any tested
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Fig. 15 Example compounds from the two assays with the best achieved performance: NVS NR bER
(upper two rows), and TOX21 AR LUC MDAKB2 Antagonist 0.5nM R1881 (lower two rows).
Abbreviations: ‘res’ is the label (1: active, 0: inactive).

DR method is significantly worse than applying no DR. This reinforces earlier find-
ings that classical, tree-based methods and simple compound representations remain
highly competitive for small to medium-sized chemical datasets, even in comparison
to more complex approaches.

4.1 Exclusion of Small Assays and Considered Training

Schemes

In this study, we focused on relatively large assays comprising at least 500 compounds.
Since our objective was to compare single-task models, i.e., one model trained per
assay, we defined a minimum dataset size to ensure sufficient data for model devel-
opment and nested stratified 5-fold cross-validation. This threshold was chosen to
provide a robust basis for performance estimation and to reduce the influence of sam-
pling variability, thereby enabling more reliable comparisons across methods.
We acknowledge that many toxicity prediction tasks involve substantially smaller
datasets and that learning under data-scarce conditions remains an important chal-
lenge in the field. Consequently, a range of approaches, including transfer, few-shot,
and multi-task learning, have been proposed to address limited data availability [70].
While our benchmark includes pre-trained foundation models such as TabPFN and
CheMeleon, this study was not designed to evaluate methods specifically in low data
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regimes, nor to assess the benefits of transfer or few-shot learning. Importantly, our
findings on datasets with at least 500 compounds, align with those reported by Syn-
der et al. [71], who systematically investigated the relationship between dataset size
and model performance and found that classical ML approaches generally outperform
few-shot and transformer-based methods once datasets contain more than approxi-
mately 240 samples. Thus, focusing on assays with at least 500 compounds allowed us
to investigate model performance in a regime where sufficient data are available for
robust evaluation.

4.2 Dimension Reduction

Overall, our results did not demonstrate a consistent performance benefit from apply-
ing a DR method. However, our results should not be interpreted as evidence that
DR is generally inferior to using the original feature space. Rather, they indicate
that, under the specific conditions investigated here, namely the evaluated descriptors,
datasets, models, DR methods, and a target dimensionality of 100 features, DR did
not provide a consistent performance benefit. In higher dimensional spaces, DR can
be beneficial for reducing redundancy, improving computational efficiency, and poten-
tially enhancing model performance [3].
A key design choice of this benchmark was to reduce all representations to a fixed
dimensionality of 100 features, irrespective of the compound representation, DR
method, prediction model, or assay dataset. The goal of this study was to benchmark
different DR techniques under a standardized and practically feasible setting. Using a
fixed target dimensionality ensured that differences in performance could be attributed
to the dimensionality-reduction method itself rather than to extensive optimization
of the number of retained components for each individual scenario. Furthermore,
identifying the optimal number of retained dimensions would require hyperparame-
ter optimization not only for each compound representation, but also for every assay
dataset and prediction model, which was computationally infeasible within the scope
of this study. Consequently, our conclusions are limited to this standardized setting
and should not be interpreted as evidence that alternative target dimensionalities
could not yield different results.

4.3 Cross Validation

Although Ash et al. [7] recommend a repeated 5x5 CV for datasets of our size, we
only perform the statistical analysis on a 5-fold CV and have a nested 4-fold CV for
hyperparameter tuning. Given the high number of representations, DR methods, and
hyperparameter combinations, a full repeated design would have been prohibitively
expensive, especially for CatBoost and TabPFN. The nested CV setup enabled robust
hyperparameter tuning and performance estimation while keeping runtimes man-
ageable. Moreover, because our fold generation is based on maximizing chemical
dissimilarity, obtaining multiple independent CV partitions would have required relax-
ing the optimization constraints further or using a completely different splitting scheme
[7]. We therefore opted for a single, chemically informed 5-fold split per assay to ensure

29



meaningful separation between training and test data. We used stratification to main-
tain class proportions across folds. This was necessary due to the high class imbalance
in some assays. However, stratification can also counteract the objective of maximizing
chemical dissimilarity; in particular, for rare positive compounds that cluster struc-
turally. As a result, some assay splits may represent a compromise between chemical
diversity and class ratio maintenance rather than an optimal configuration for either.

4.4 Impact of Chemically Informed Data Splitting

We use an ILP-based split that maximizes distances between folds using pairwise
Tanimoto similarities of Morgan fingerprints [20]. While chemically informed split-
ting is essential to reduce similarity-based information leakage, this choice may partly
explain the comparatively poor performance of Morgan fingerprints in our bench-
mark. Although the fingerprints used for splitting (1024-bit, radius 2) differ from the
ones used as ML features (2048-bit, radius 3), they still represent the same family of
descriptors. As a result, models trained on Morgan fingerprints may be exposed to
more challenging splits than models trained on other representations. Prior work has
also shown that MACCS keys and physicochemical properties can perform strongly
and even outperform more complex representations [2, 72], but a targeted evaluation
using alternative splitting criteria would be necessary to disentangle methodological
biases from inherent representational differences.
Although chemically informed splits provide a more realistic evaluation setting than
random CV [7, 54], they also introduce an important conceptual limitation: they
implicitly assume that models should generalize out-of-distribution (OOD); yet, the
models are not explicitly trained for OOD scenarios. Standard supervised ML methods
rely on the assumption that training and test data are independently and identically
distributed (i.i.d.). While the fulfilment of the i.i.d. assumption is questionable on
chemical datasets, our distance-maximizing split intentionally violates this assump-
tion. Thus, it effectively turns the evaluation into an OOD robustness test without
equipping the models with mechanisms designed for robustness, such as adversarial
robustness [73]. As we are, however, highly interested in models with a good generaliza-
tion across the chemical space, it will be crucial for future work to develop approaches
that explicitly target this type of robustness rather than relying solely on OOD-style
splitting during evaluation.

4.5 Statistical Analysis

We used the Friedman test followed by the Nemenyi post-hoc analysis to investigate
statistical differences between the different compound representations, DR methods,
and ML models that we considered for our benchmarking. This test was chosen as it
is commonly used for ML model comparison if the assumptions of parametric alter-
natives such as ANOVA (ANalysis Of VAriance) are not fulfilled [6, 7]. However, the
performance estimates across CV folds are not strictly independent, as the training
sets overlap substantially across the iterations. This dependence means that the for-
mal assumptions of the Friedman test are not fully satisfied, making its applicability
in this setting debatable. Nevertheless, we consider the test useful as an indicator
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of whether observed performance differences are systematic rather than attributable
to random variation. Therefore, we still believe that a statistical analysis, despite its
limitations, is preferable to relying solely on raw performance values..

5 Conclusion

This manuscript presented a comprehensive benchmarking pipeline comparing com-
pound representations, dimension reduction (DR) methods, and machine learning
(ML) models for toxic endpoint prediction on hormone-related assays from the Tox-
Cast database. We evaluated each of the three parts individually and in combination.
In total, we compared 100 distinct feature–DR–model combinations per assay; how-
ever, due to extensive hyperparameter optimization, we trained more than 7,000
individual model instances per assay. While AUROC values, which are often used in
literature imply good performance (ranging from ≈0.6 to ≈0.9), more realistic MCC
results for imbalanced data are only modest with a median MCC of the best model
performance of 0.32.

The statistical comparison of the individual pipeline parts revealed that, given
our data and the structure-based split we are using, physicochemical properties are
the most informative data type and rank significantly better than all other tested
compound representations. Surprisingly, we showed that applying any of our tested
DR methods is significantly worse than using no DR. From all tested models, the
random forest (RF) consistently and significantly outperformed all other tested models
– including deep neural networks. While the combination of RF with physicochemical
properties and no DR also performs particularly good compared to the other 100 tested
combinations, we note that it is not the best method in the majority of the assays.

Furthermore, we showed that the model performance is most strongly correlated
to the class imbalance and the presence of activity cliffs. Activity cliffs represent a
fundamental challenge for toxicity prediction because compounds with highly similar
structures can exhibit different biological responses. This was exemplified for a ERβ
hormone receptor assays, where even small structural modifications can alter receptor
interactions and lead to different activity labels. Consistent with this observation, a
simple nearest-neighbour read-across baseline achieved a median MCC of 0.28, only
slightly below the best ML models. This can be explained by the fact that read-across
solely relies on the assumption that structurally similar compounds show the same
activity. However, in the presence of activity cliffs this assumption does not hold.
While the ML approaches outperformed this baseline, the relatively small margin
suggests that much of the predictive signal is already captured by local chemical
similarity. Other effects, such as protein-ligand interactions, are difficult to capture
with conventional molecule-centric encodings. Thus, further research needs to be done
to capture these effects in more physics-based representations.

Overall, our results suggest that further progress in toxicity prediction will likely
require approaches that go beyond (global) structure similarity. Future work should
focus on improving performance for highly imbalanced assays, while explicitly address-
ing activity cliffs. At the same time, the available data itself remains an important
limitation. Many assays contain only a limited number of compounds and cover
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restricted regions of chemical space. Expanding these datasets with additional com-
pounds and broader chemical diversity will likely be essential for improving the
generalization capabilities of future models. To this end, it might be beneficial to
incorporate the performance on MMPs with different labels explicitly in the training
objective. Moreover, instead of training ‘global’ ML models that are expected to per-
form well across different classes of molecules, it may be beneficial to focus on ‘local’
models tailored to a specific class of molecules of interest.

Despite these challenges, our study provides a comprehensive benchmarking
analyses of hormone receptor activity prediction. By systematically evaluating repre-
sentations, DR methods, ML models, and a read-across baseline as well as chemical
space analysis, we establish a robust reference point for future method development
and highlight both the opportunities and current limitations of ML-based toxicity
prediction.

List of Abbreviations. A full list of abbreviations used in the manuscript can be
found in Table 5.

Table 5 List of Abbreviations: Abbreviations and corresponding
meanings used in the text alphabetically ordered.

abbreviation meaning
ADME absorption, distribution, metabolism, and excretion
ANOVA analysis of variance
AR androgen receptor
AUROC area under the receiver-operator-characteristics curve
CatBoost categorical boosting
CV cross validation
DA domain adaptation
DL deep learning
D-MPNN directed message passing neural network
DR dimension reduction
ECFP extended connectivity fingerprint
ER estrogen receptor
FE feature extraction
FS feature selection
GNNs graph neural networks
ILP integer linear program
MACCS molecular access system
MCC Matthews correlation coefficient
MI mutual information
ML machine learning
MLP multi-layer perceptron
MRMR minimum redundancy maximum relevance
MTR multi-task regression
NN neural network
PCA principal component analysis
PCC Pearson correlation coefficient
RF random forest
SMILES simplified molecular input line entry system
SVM support vector machine
TabPFN tabular prior-data fitted network
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