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CLARA BERGLUND HILTUNEN
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Chalmers University of Technology

Abstract
Pollution from toxic chemicals threatens both biodiversity and human health, re-
sulting in significant costs for society. To mitigate these impacts, chemical emission
regulations, such as EC50, are employed. These regulations typically establish envi-
ronmentally safe concentrations of chemicals based on data from in vivo experiments,
which are usually time-consuming, expensive, and sometimes ethically problematic
to conduct. As alternative means to predict chemical toxicity, previous studies have
proposed computational methods (e.g., QSAR) and machine learning approaches,
including transformer-based models. In one of these previous studies, a pre-trained
transformer-based model was employed to predict the EC50 values of chemicals for
fish. The chemical structures were represented using SMILES notation and served
as the input to the model, which consisted of a RoBERTa component followed by
a fully connected feed-forward neural network. The present master’s thesis builds
upon this study by using the same dataset and model framework. It aims to com-
pare the toxicity prediction performance of fine-tuned-only models with different
model hyperparameters related to the model architecture and analyze the influence
of these hyperparameters. In addition, the thesis aims to evaluate the impact of
pre-training by comparing these models with different model hyperparameters to a
pre-trained and fine-tuned ChemBERTa model. The effect of model architecture
was examined only for the RoBERTa component by varying the following model
hyperparameters: embedding size, number of encoder layers, and number of at-
tention heads. The results indicated that increasing the embedding size and the
number of encoder layers improved prediction performance. In contrast, no clear
pattern regarding the impact of the number of attention heads on prediction perfor-
mance was observed. Additionally, pre-training appeared to be necessary since the
ChemBERTa-based model outperformed all non-pretrained models. These findings
contribute to the development of transformer-based machine learning models for
chemical toxicity prediction by indicating the optimal directions regarding model
architecture and pre-training approaches. Thus, future research may include eval-
uating whether these findings hold for larger model hyperparameter values, as well
as for other chemical representations, toxicity endpoints, and species beyond EC50
and fish.

Keywords: toxicity prediction, chemical toxicity, EC50, transformers, ChemBERTa,
SMILES, pre-training, machine learning, deep learning, neural networks
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1
Introduction

Biodiversity is globally threatened [3]. A decline in biodiversity may affect ecosys-
tem health and lead to alterations, which, depending on the species that go extinct,
can impact productivity and decomposition [4]. Among the multiple contributors to
biodiversity loss, chemical pollution is recognized as one of the major ones [3]. For
example, chemical pollution is considered a key factor in the steep drop in vulture
numbers in India [5], and in the broad decline of bees in Western countries [6].

Humans are also affected by chemical pollution. In the European Union, diseases
linked to chemical pollution are estimated to cost €157 billion annually [7], while
the corresponding cost in the United States is estimated to be $109 billion [8]. Fur-
thermore, exposure to chemical pollution in air, water, and soil was estimated to
have caused between 8.4 and 13 million premature deaths in 2012 [9].

In order to protect the public from hazardous chemicals, the European Union estab-
lished the Dangerous Substances Directive (DSD) in the 1960s, which was designed
to regulate industrial chemicals through legislation [10]. Throughout the years, reg-
ulations aiming to protect human health as well as the environment have expanded,
and their enforcement has become more rigorous [11, 12, 13, 14].

The environmentally safe concentrations of chemicals are often determined based on
in vivo experiments, where organisms are exposed to various concentrations of the
chemical of interest [2, 15]. The final value is obtained by dividing the concentration
at which effects are observed by a safety factor. A commonly studied metric is the
half maximal effective concentration (EC50), denoting the concentration at which a
chemical elicits 50% of its maximum effect after a predefined exposure time [16].

Moreover, obtaining data through in vivo experiments is usually time-consuming,
expensive, and sometimes ethically problematic [17, 18]. As a faster and cheaper
approach, computational methods have been proposed. One of these is the promi-
nent Quantitative Structure–Activity Relationship (QSAR) modeling approach. In
conventional QSAR modeling, the molecular structures of chemicals are used by re-
gression methods to predict toxicological measurement values. Due to the difficulty
of predicting the outcomes of larger changes in chemical structure, the development
of QSAR models often uses data that is highly stratified by, for instance, chemical
structure, exposure conditions, and toxicological effects. Thus, to make predictions
for structurally diverse chemicals, multiple models are required due to the limited
application domain of a single model.
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1. Introduction

Furthermore, because of the recent increase in the availability of toxicity data and
improvements in computational power, machine learning models have become a pop-
ular approach for toxicity prediction [19, 20]. Among these models, a transformer-
based model proposed by Gustavsson et al. [2] has shown promising predictive
performance, owing to the transformer’s ability to identify the structural features of
a chemical which are most associated with toxic effects.

This feature-identification capability of the transformer model is enabled by the
self-attention mechanism, which creates representations of sequences by capturing
the relationships between different positions within them [1]. Hyperparameters that
influence the self-attention mechanism include embedding size, number of attention
heads, and number of encoder layers. These model hyperparameters collectively
define the overall transformer model architecture, thereby affecting the number of
trainable parameters. Generally, there is a substantial number of trainable param-
eters, which results in time-consuming training of the transformer model.

One way to address the tedious model training is pre-training, during which the
transformer model is trained on large amounts of unlabeled data in order to learn
the overall structure of it [21]. Although pre-training is time-consuming and com-
putationally intensive, it is typically performed only once for a model before it can
be fine-tuned, i.e., adapted through additional, relatively inexpensive training to
perform a specific task. Pre-trained transformer models have shown improved per-
formance in natural language processing tasks [21, 22], but the impact of pre-training
on chemical toxicity prediction performance is still unknown.

Since the promising transformer-based model developed by Gustavsson et al. for
chemical toxicity prediction was pre-trained on a dataset containing chemical struc-
tures and employed a fixed set of model hyperparameters [2], this master’s thesis
seeks to build upon these findings by exploring how the model hyperparameters that
define the model architecture affect chemical toxicity prediction performance, and
to examine the necessity of pre-training for toxicity prediction tasks.

1.1 Aims
In line with the title, Using Transformers for Chemical Toxicity Prediction: The
Impact of Model Architecture on Performance, this thesis aims to fulfill the follow-
ing objectives:

• To compare the toxicity prediction performance of models configured with
different model hyperparameter values.

• To analyze the influence of different hyperparameters on the performance of
toxicity prediction.

• To investigate the impact of pre-training by comparing the toxicity prediction
performance of non-pre-trained models and a pre-trained model.

2



2
Theory

In this chapter, a theoretical background on the key concepts used in this the-
sis is provided. It starts with an overview of representations of chemical structures,
followed by an introduction to tokenization and artificial neural networks. The chap-
ter ends with a section on transformer-based models, including BERT, RoBERTa,
and ChemBERTa. While BERT provides the foundation for RoBERTa and Chem-
BERTa, the latter two play a central role in the methods employed for predicting
chemical toxicity in this thesis.

2.1 Chemicals
In today’s society, chemicals are utilized across a wide range of applications, in-
cluding medicine, cosmetics and agriculture [3, 23, 24]. There are both natural and
synthetic chemicals, and the usage of the latter has led to significant improvements
in food production and living standards [23]. The number of registered chemicals
and chemical mixtures exceeded 350,000 in 2022, and this number is expected to
grow as new chemicals are likely to be discovered and added in the future [3].

However, as stated previously, some chemicals may have negative effects on the en-
vironment and human health. The potential harmful effects, as well as the physical
and chemical properties of these chemicals, are largely determined by their molecular
structure, which describes the arrangement of the constituent atoms in space [25, 26].

This spatial arrangement can be described in two dimensions by a structural formula,
which shows how the atoms, represented by their chemical symbols, are connected
or bonded by lines representing the chemical bonds. A chemical bond involves shar-
ing or transferring electrons between atoms to achieve a lower total energy state
[27]. Two atoms sharing an electron pair form a single bond, whereas two and three
shared electron pairs create double and triple bonds, respectively. In the structural
formula, the number of lines between two atoms represents the number of bonds,
that is, one line equals a single bond, two lines a double bond, and three lines a
triple bond [26]. Figure 2.1a shows the structural formula of ethanol as an example.

Furthermore, if the bonding characteristics and spatial arrangement are disregarded,
the constituent atoms of a chemical can be described using a molecular formula
[26]. Similar to structural formulas, a molecular formula represents the constituent
elements of a chemical using their chemical symbols, but the quantity of each element

3



2. Theory

is indicated as a subscript following its symbol. For example, the molecular formula
of ethanol is C2H6O, as seen in Figure 2.1b. This formula conveys that an ethanol
molecule consists of two carbon atoms (C), six hydrogen atoms (H), and one oxygen
atom (O), but it does not show the spatial arrangement of these atoms.

2.1.1 SMILES
The Simplified Molecular Input Line Entry System (SMILES) is a chemical notation
language introduced in the 1980s, designed to make chemical tasks more efficient
for computational applications [28]. It represents molecular structures as graphs,
such as structural formulas, using linear sequences of characters. This means that
SMILES strings specify which atoms are bonded and how, but do not account for
the three-dimensional structure. As an example, an ethanol molecule represented
by a SMILES string is shown in Figure 2.1c.

When representing molecular structures using SMILES, several rules must be fol-
lowed [28]. To begin with, as with structural and molecular formulas, SMILES
strings denote atoms using their chemical symbols, except that they are enclosed in
square brackets. However, exceptions are made for B, C, N, O, P, S, F, Cl, Br, and I,
which are written without square brackets when they exhibit their usual number of
bonds. Some chemical structures also have branches, which are side chains or groups
of atoms connected to the main chain, i.e., the longest continuous chain of atoms.
Branches are put in parentheses, which can be stacked or nested when needed.

Hydrogen atoms are typically omitted, i.e., H is not explicitly included in the
SMILES strings unless necessary [28]. One such necessary case is when hydro-
gen atoms are present in ions, i.e., atoms with an electric charge. This is because
ions are denoted by their constituent atomic symbols, followed by ’+’ if positively
charged, or ’-’ if negatively charged, all enclosed in square brackets. Regarding bond
representations in SMILES strings, single bonds are omitted, whereas double and
triple bonds are denoted by ’=’ and ’#’, respectively [28]. In addition, disconnected
structures, such as two ions interacting due to opposite charges, are represented by
a dot between the entities involved.

In order to represent cyclic chemical structures as SMILES strings, ring closure dig-
its are used to specify the conceptual start and end of the ring [28]. The numbering
of atoms can be described as conceptually breaking the ring between two atoms,
and then listing the atoms in sequence, starting from one of them. To indicate the
atoms where the ring closes, the same digit is placed immediately after them in the
SMILES string. Consequently, there may be multiple SMILES strings describing
the same cyclic chemical structure.

While SMILES string notations include additional rules [28, 29], these are beyond
the scope of this thesis and not essential for the reader’s understanding. Nonetheless,
for the interested reader, more comprehensive descriptions are available in [28, 29].
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2. Theory

(a) Structural formula. (b) Molecular formula. (c) SMILES string.

Figure 2.1: Ethanol as an example, shown with (a) structural formula, (b) molec-
ular formula, and (c) SMILES string.

2.2 Tokenization
A computer interprets text as a sequence of characters and the division of this se-
quence into smaller subunits, known as tokens, is called tokenization [30]. This
process is performed by a tokenizer, which prepares the text for further use and
analysis by partitioning it, typically at layout symbols such as spaces and newline
characters. As a result, tokens often correspond to individual words, but tokeniza-
tion can be refined by introducing additional rules for partitioning. Consequently,
the more knowledge there is of the language being tokenized, the better the prereq-
uisites for achieving a more detailed tokenization result.

2.3 Artificial Neural Networks
Artificial neural networks are machine learning methods inspired by the dynamics
and architecture of biological neural networks in the mammalian brain [31]. They
utilize simplified computational representations of neurons to learn by adjusting the
strengths of the connections between them, known as weights. Each weight con-
nects two neurons, and weights can be positive, negative, or zero, in which case zero
indicates no connection.

For instance, artificial neural networks can classify and identify structures in data.
They are also able to generalize that knowledge to some extent and therefore, they
are utilized in natural language processing. Depending on the intended application,
the network architecture employed varies.

2.3.1 Feed-Forward Neural Network
A feed-forward neural network (FFN) consists of an input layer, typically followed
by one or more hidden layers, and an output layer [31]. Each layer is composed of
neurons, and each neuron is connected to all neurons in the succeeding layer, result-
ing in fully connected layers. These connections are one-way, meaning information
can only be passed forward in the network, meaning there are no backward connec-
tions to previous layers. Furthermore, there are also no connections within a layer,
nor any connections that skip layers. The general architecture of a feed-forward
neural network is shown in Figure 2.2.

5



2. Theory

Figure 2.2: General architecture of a feed-forward neural network. White circles
represent input neurons in the input layer, gray circles represent neurons in the ℓ
hidden layers, and black circles compose the output layer.

The N input values are fed into the neurons of the input layer, which passes the
values to the first hidden layer [31]. All neurons in the hidden layer perform the
computation described in equation (2.1), where xk is either the input fed into the
input neuron k or the output from the previous hidden layer in the case of multiple
hidden layers. Moreover, wjk is the weight between neuron k and hidden neuron j,
θj is the threshold (or bias) of neuron j, and Vj is the output from neuron j. Also,
g(b) is an activation function that typically introduces non-linearity to the network,
and may vary depending on the intended task of the network. In addition, a layer
index is sometimes indicated as a superscript on the variables to indicate the layer
to which they belong.

V
(l)

j = g(bj) with bj =
N∑

k=1
wjkxk − θj (2.1)

The input is propagated through the neurons of the hidden layers, where each neuron
performs the computation described in equation (2.1) [31]. Upon reaching the output
layer, the computation in equation (2.2) is used to compute the final output of the
network. In this equation, Wij is the weight between hidden neuron j and output
neuron i, and Θi is the threshold of output neuron i. Oi is the output of output
neuron i and Vj is the output of neuron j in the last hidden layer. The outputs of
the output neurons are the final outputs of the feed-forward neural network.

Oi = g(Bi) with Bi =
∑

j

WijVj − Θi (2.2)

The aim of a feed-forward neural network is to produce the desired output, typically
O

(µ)
i = t

(µ)
i for all output neurons i and all inputs µ, by adjusting its weights and

thresholds [31]. By introducing a task-appropriate loss function, which depends on
the weights and computes the error of the prediction in relation to the input, the
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2. Theory

optimal weights and thresholds are reached when the loss function is minimized.
Gradient descent is often used for this minimization, resulting in the update rules
for the weights and thresholds seen in equation (2.3) and (2.4). In these equations,
w′ and θ′ are the updated parameter values for both hidden and output neurons,
η is the learning rate controlling the magnitude of the updates of these parameter
values, and L is the loss function measuring the model’s prediction performance.

w′
mn = wmn + δwmn with δwmn = −η

∂L
∂wmn

(2.3)

θ′
m = θm + δθm with δθm = −η

∂L
∂θm

(2.4)

2.4 Transformers
Large language models (LLMs) are typically large neural network models, special-
ized for generating and processing human language [32]. Their architecture is based
on a particular neural network model called the Transformer, which was introduced
in 2017 [33]. The original Transformer is primarily composed of encoder and decoder
layers [1]. In the encoder layers, representations of the contexts and relationships
between the input tokens are created, whereas the decoder layers use those repre-
sentations to generate output sequences [1, 34]. The use of encoder layers, decoder
layers, or a combination of both in LLMs enables the models to be applied to a va-
riety of language-related tasks after training on extensive text corpora [33]. Notable
examples of LLMs include OpenAI’s GPT-3 as well as Google’s Gemini and BERT.

2.4.1 BERT
BERT stands for Bidirectional Encoder Representations from Transformers, and uti-
lizes only the encoder component from the original Transformer architecture [1, 21].
BERT is pre-trained using masked language modeling and next sentence prediction,
and can be fine-tuned in order to be applied in downstream tasks [21]. The general
structure of BERT, as part of the Transformer architecture, is shown in Figure 2.3.

2.4.1.1 Model Architecture

Similar to the original Transformer model, BERT takes sequences of tokens as input
[1]. However, in BERT’s input sequences, the first token is a classification token,
referred to as the [CLS] token. It is an additional token that can be considered an ag-
gregated representation for the entire sequence, and is therefore used, for instance,
in classification tasks. Moreover, since the Transformer operates using numerical
values, the tokens are converted into numerical representations, called embedding
vectors, which have a predetermined embedding size of dmodel. This conversion is
done by mapping each token to its corresponding embedding vector in a learned
embedding matrix [1, 35]. The fact that the embedding matrix is learned means its
parameter values are optimized during model training [36].
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Figure 2.3: The overall Transformer model design adapter from Vaswani et al. [1].
The unfaded left part corresponds to the encoder layers, which correspond to BERT,
and the faded part to the right corresponds to the decoder layers.

In order to provide the model with information of relative or absolute positions
of the tokens in the input sequences, numerical positional encodings of dimension
dmodel are added to the token embedding vectors [1]. There are different ways of
computing positional encodings, but two approaches are sinusoidal functions and
learned positional embeddings. The BERT model is also able to take sentence pairs
as input [21]. In such cases, a learned embedding called the segment embedding, is
added to the embedding vectors to indicate which sentence each token belongs to.

These input representation construction steps are followed by the first encoder layer,
whose first sublayer performs multi-head attention [1]. Each attention head can be
considered as an independent, parallel attention mechanism. Since each attention
head focuses on its own representation subspace, multi-head attention enables the
model to simultaneously attend to different parts of and features in the input se-
quences. Thus, various patterns and relationships within the input sequences are
captured by the model [34].

In practice, the vectors resulting from the summation of the token embeddings,
positional encodings, and any segment embeddings are stacked such that they form
the rows in the so-called embedding matrix, denoted X ∈ RL×dmodel , where L is
the length of the input sequence. This matrix is then passed on to the multi-
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head attention mechanism in the first encoder layer. There, three projections of
X, denoted the Query (Q), the Key (K), and the Value (V ) are created, typically
by multiplying X with one learned weight matrix for each projection, W Q for the
Query, W K for the Key, and W V for the Value. These weight matrices contain
different trainable parameters and W Q, W K ∈ Rdmodel×dk , whereas W V ∈ Rdmodel×dv .
Here, dk is the dimension of the queries and keys, and dv is the dimension of the
values, which all three depend on the number of attention heads denoted h. The
relationship between these dimensions is shown in equation (2.5).

dk = dv = dmodel

h
(2.5)

Since dk and dv are smaller than dmodel unless there is only one attention head,
each head obtains a projection of the Query, Key, and Value matrices with reduced
dimensionality compared to the original embedding matrix [1]. Each attention head
then independently performs the scaled dot-product attention described in equation
(2.6), resulting in h attention outputs, each of dimension L × dv.

Attention(Q, K, V ) = softmax
(

QKT

√
dk

)
V (2.6)

As a final step, the outputs of all attention heads are concatenated and projected
once again using W O ∈ Rhdv×dmodel , as seen in equation (2.7), in order to obtain the
final output from the multi-head attention mechanism.

MultiHead(Q, K, V ) = Concat(head1, ..., headh)W O (2.7)

Thereafter, the sum of the output and input of the multi-head attention sublayer
is computed, followed by layer normalization [1]. The output of this computation
is then fed into the second sublayer of the encoder, which is a fully connected feed-
forward neural network with one hidden layer. The feed-forward network processes
all token representations individually using the same weights, and its output is added
to its input before applying layer normalization, creating the final output of the en-
coder layer.

This final output of the encoder layer is passed on as the input to the succeeding
encoder layer, where the multi-head attention and the feed-forward network mecha-
nisms are applied again [1]. Then, the output of the last encoder layer, i.e. the final
representation of the input sequence, can be used for various applications and tasks
[21].

2.4.1.2 Pre-training

The purpose of pre-training is to train a model on large amounts of unlabeled data
in order to learn its overall structure. Regarding BERT, it is pre-trained using the
pre-training methods masked language modeling and next sentence prediction [21].

Masked language modeling selects 15% of the tokens in the input sequences ran-
domly. These selected tokens, referred to as masked tokens, may be modified ac-
cording to the following rule, given that the i-th token has been selected. In 80% of
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the cases, the i-th token will be replaced by an actual [MASK] token, in 10% of the
cases it is replaced by a randomly selected token from the corpus, and in the remain-
ing 10% of the cases it is left unchanged. In addition, the random token selection
enables the model to utilize context both to the left and to the right of the modified
tokens, resulting in the model learning bidirectional context representations.

Moreover, with the aim of learning sentence relationships, the pre-training method,
next sentence prediction, is applied [21]. In next sentence prediction, pairs of sen-
tences are selected from the corpus and the two sentences in each pair are denoted
A and B. For 50% of the pairs, sentence B is selected so it is the sentence that im-
mediately follows sentence A in the original text. In the other 50% of the sentence
pairs, sentence B is randomly sampled from the corpus.

2.4.2 RoBERTa
RoBERTa stands for Robustly optimized BERT approach and shares the same model
architecture as BERT [37]. RoBERTa can be seen as an improved version of BERT,
which, in comparison, can be considered undertrained. This improvement in Roberta
results from modifications in its pre-training relative to BERT’s.

These modifications include the omission of next sentence prediction in RoBERTa’s
pre-training, causing it to rely solely on masked language modeling, in which the
masking pattern changes dynamically each time a given sentence is used during train-
ing [37]. In contrast, the masked tokens in BERT are selected once and then fixed
throughout the pre-training. Furthermore, RoBERTa is trained on larger datasets
and for more training steps than BERT, meaning RoBERTa undergoes more param-
eter update iterations during pre-training. In addition, RoBERTa is pre-trained on
longer input sequences and with larger batch sizes, meaning that a greater number
of samples is processed before the model’s trainable parameters are updated.

2.4.3 ChemBERTa
Based on RoBERTa, ChemBERTa is a transformer-based model specialized in molec-
ular property prediction [38]. Such as RoBERTa, ChemBERTa was pre-trained us-
ing masked language modeling, where 15% of the tokens in the input sequence were
masked. However, instead of being pre-trained on English-language corpora like
RoBERTa, ChemBERTa was pre-trained on a dataset comprising 77 million unique
SMILES strings collected from PubChem, an open-source chemistry database that
includes, among other things, chemical structures and their properties [37, 38, 39].
This allows ChemBERTa to capture the relationships in chemical space, which then
can be utilized in downstream applications [37].

10



3
Methods

The purpose of this chapter is to describe the dataset used in this thesis, along with
the model architectures, training procedure, post-processing of the model outputs,
and evaluation methods. The rationale behind the selected training configurations
and evaluation approaches is also provided.

3.1 Dataset

The dataset used in this thesis contains information on the toxicity of chemicals,
expressed as EC50 concentrations in mg/L, measured at different exposure times
for fish. In addition, it includes each chemical’s SMILES notation, CAS Registry
Number1, chemical name, and the fish species for which the EC50 value was reported.

The data were collected by Gustavsson et al. [2] from the Registration, Evaluation,
Authorisation and Restriction of Chemicals (REACH) dossiers in August 2020, as
well as from both the United States Environmental Protection Agency (U.S. EPA)
ECOTOX database and the European Food Safety Authority (EFSA) pesticide reg-
istration data in November 2020. To ensure sufficiently high data quality and avoid
outliers, all reported concentrations greater than 500 mg/L were removed by Gus-
tavsson et al. [2].

In total, the dataset contained 52,666 measurements. For some chemicals, there
were multiple measurements, but at different exposure times, and in some cases,
there were multiple measurements of the same chemical with the same exposure
time. In total, there were 3,542 unique chemicals in the dataset and 8,973 unique
measurements with respect to chemical and exposure time.

Since some chemical structures can be represented by multiple SMILES, Gustavsson
et al. [2] used the open-source Python library RDKit version 2024.03.2 to generate
canonical SMILES. This resulted in a given chemical always being represented by the
same SMILES string, even when multiple valid representations existed. Moreover,
the exposure times and EC50 values were log-transformed using base 10, and the
resulting transformed values were used by the chemical toxicity prediction models
in this thesis.

1A numerical identifier assigned to chemical substances by the Chemical Abstracts Service [40].
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3.2 Tokenization
The canonical SMILES strings were tokenized using the SmilesTokenizer module
from the open-source Python library DeepChem. The vocabulary file used for to-
kenization was downloaded from the official DeepChem GitHub repository 2. The
tokenizer primarily divides the SMILES strings into their smallest meaningful com-
ponents. If the number of tokens for a single SMILES string exceeded the maximum
sequence length of 100 tokens, the sequence was truncated. Conversely, if a SMILES
string was shorter, padding was applied to ensure that all sequences had the same
length. In order to keep track of which positions in a sequence correspond to padding
or SMILES string components, attention masks were introduced.

3.3 Model Architectures
The models used for the chemical toxicity predictions consisted of a RoBERTa com-
ponent followed by a fully connected feed-forward neural network with one hidden
layer, as shown in Figure 3.1. The idea behind this setup was that the transformer
learns to capture the chemical structures from the input sequences of tokenized
SMILES strings, while the feed-forward network maps these learned representations
to toxicity predictions.

Figure 3.1: Overview of the model achitechture with the transformer and the
following FFN adapted from Gustavsson et al. [2].

2https://github.com/deepchem/deepchem/blob/master/deepchem/feat/tests/data/
vocab.txt
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Multiple models with unique model architectures were built by changing the follow-
ing model hyperparameters: number of attention heads, number of encoder layers,
and embedding size. The explored model hyperparameter values are listed in Ta-
ble 3.1 and all possible combinations of these values were evaluated, resulting in
a total of 144 unique models. When referring to a model in subsequent sections,
a model with a unique combination of these model hyperparameter values is implied.

Table 3.1: Hyperparameter values for embedding size, number of attention heads
and number of encoder layers used to build toxicity prediction models. All possible
combinations of these hyperparameter values were explored, resulting in a total of
144 unique models.

Model Hyperparameter Value
Embedding Size {64, 256, 768}

Number of Attention Heads {1, 4, 8, 16, 32, 64}
Number of Encoder Layers {1, 3, 6, 8, 10, 12, 14, 16}

Furthermore, the feed-forward network architecture was identical across all models,
except for the input layer, which was adjusted to match the embedding size used in
the RoBERTa component. This difference is due to the input to the feed-forward
neural network being a concatenation of the exposure time and the corresponding
feature vector. The feature vector refers to the numerical embedding of the [CLS]
token extracted from the RoBERTa component’s output for each input sequence.
Therefore, the input layer consisted of one more neuron than the embedding size, to
accommodate the exposure time. Moreover, the hidden layer had 512 neurons,
and since the EC50 value was the only output, the output layer consisted of a
single neuron. A Rectified Linear Unit (ReLU) activation function was also applied
between the hidden layer and the output layer.

3.4 Training Procedure
The batch size and learning rate were optimized by exploring different settings; for
more details, see Section 3.4.3. Once the batch size and the learning rate were
established, all non-pre-trained models, each with a unique architecture, were fine-
tuned using the same set of hyperparameter values. Since no prior pre-training was
conducted, all models were fine-tuned only. An overview of these hyperparameters
with corresponding values is shown in Table 3.1.

Table 3.2: Overview of the final hyperparameters used in model training.

Hyperparameter Value
Number of Epochs 100

Batch size 128
Learning rate 1 ·10−5

Max sequence length 100
Optimizer Adam
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3.4.1 Loss Function and Optimizer

The loss function used for all models was the Mean Absolute Error (MAE), also
known as the L1 loss function, which is shown in equation (3.1), where S denotes
the number of samples, ŷi is the predicted value, and yi is the true value for sample i
[41]. MAE was used because of its ease of interpretation and robustness to outliers,
as it penalizes errors in direct proportion to their magnitude. In addition, all models
were optimized using the Adam optimizer from the open-source library PyTorch
version 2.1.2.

MAE = 1
S

S∑
i=1

|ŷi − yi| (3.1)

3.4.2 Cross-Validation

In order to maximize the usage of the dataset, the models’ prediction performance
were evaluated by implementing K-fold cross-validation. In this method, the dataset
is split into K subsets. K - 1 of these subsets are used to train the model, thus com-
posing the training data, and the remaining subset is used to evaluate the model,
thereby making it the validation data [42]. This process is repeated K times, ensur-
ing that each subset is used exactly once as validation data.

In this thesis, K is set to 5. Since multiple measurements exist for some chemicals,
the five subsets were created by random sampling based on unique chemicals, i.e.,
SMILES strings. As a result, all measurements corresponding to a given chemical
were assigned to the same subset to prevent data leakage.

3.4.3 Optimization of Batch Size and Learning Rate

The batch size and learning rate were optimized by training multiple separate mod-
els with different values for these hyperparameters. The evaluated batch sizes were
32, 128, and 256, whereas the tested learning rates were 1·10−3, 1·10−4, and 1·10−5.

The models used in this hyperparameter optimization of batch size and learning rate
all had an embedding size of 768, 12 attention heads, and 6 encoder layers. This
architecture was selected with the expectation that the resulting optimal hyperpa-
rameter values would generalize well to both smaller and larger model configurations.

The combination of batch size 128 and learning rate 1·10−5 resulted in the lowest
prediction error. Therefore, these values were used for all subsequent fine-tuning
of the models. In addition, all models were trained for 100 epochs during both the
hyperparameter tuning phase and the later fine-tuning phase for model evaluation,
since the loss was observed to have stabilized by then.
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3.4.4 Weighted Batch Sampling
The batches were resampled for every epoch. Since some chemicals were more
abundant in the dataset than others, weighted sampling was used. The weights
for each unique SMILES string were calculated according to equation (3.2), where
fi is the number of occurrences of SMILES string i, and ωi is the weight assigned
to all measurements with SMILES string i. The purpose of this weight function
was to assign higher weights to less common chemicals in order to make them more
likely to be sampled, thereby mitigating overrepresentation of frequently occurring
chemicals. The square root of the inverse frequency was applied in order to prevent
excessively large weights for very rare chemicals.

ωi = 1√
fi

(3.2)

3.4.5 Training Environment
All models were implemented in Python 3.11.3 using the open-source libraries Hugging
Face Transformers version 4.39.3 and PyTorch version 2.1.2. The full code imple-
mentation is publicly available on GitHub3.

Most models were trained on Nivida A40-based compute nodes, each equipped with
4 × NVIDIA Tesla A40 GPUs (48 GB VRAM each), 2 × Intel Xeon Gold 6338
CPUs (32 cores each, 64 cores total) running at 2 GHz and 256 GiB DDR4 RAM.
However, due to limited memory capacity on the A40-based nodes, some of the larger
models were trained on Nivida A100-based compute nodes. These nodes were each
equipped with 4 x NVIDIA Tesla A100 HGX GPU with 80GB RAM, 2 x 32 core In-
tel(R) Xeon(R) Gold 6338 CPU @ 2GHz (total 64 cores) and 1024GiB DDR4 RAM.

The models trained on these A100-based nodes included models with embedding
size 768, 64 attention heads and 10 to 16 encoder layers, and models the same
embedding size, but 32 attention heads and 14 to 16 encoder layers. Also, models
with embedding size 256, 64 heads and 14 to 16 encoder layers were trained on
A100-based nodes, while the remaining ones were trained on A40-based nodes.

3.5 Evaluation
The outputs of the models during validation were predicted toxicity values for the
chemicals in the validation set. For each chemical, the absolute error (AE) was
calculated as defined in equation (3.3).

AEi = |yi − ŷi| (3.3)

The aggregated absolute error values served as the basis for most model performance
evaluations. The following subsections provide detailed descriptions of the aggre-

3https://github.com/tessa116cbh/Master-s_Thesis_Using_Transformers_for_
Chemical_Toxicity_Prediction.git
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gation procedure as well as various evaluation methods that were used, including
those beyond absolute error.

3.5.1 Aggregation of Model Output
As mentioned berfore, some chemicals had multiple experimental measurements,
occasionally even for the same exposure time, which resulted in multiple predic-
tions and, consequently, multiple absolute errors for a single chemical. This over-
representation can introduce bias in the evaluation. With this in mind, and since
the focus was on accurately estimating the toxicity of individual chemicals rather
than optimizing performance across the dataset, aggregation steps were applied to
produce a single predicted value and a single absolute error per chemical.

The aggregation was executed in two steps. In the first step, all predictions and
absolute errors for the same combination of chemical and exposure time were aggre-
gated using the mean, resulting in one mean prediction and one mean absolute error
per chemical-exposure time pair. In the second step, these mean values were further
aggregated over the exposure times for each chemical, resulting in one aggregated
prediction and one aggregated absolute error per unique chemical.

3.5.2 Performance Assessment
For each of the 144 models, the aggregations of the output predictions and absolute
errors were computed per epoch and fold, resulting in a total of 500 aggregated
values per metric, since the model was trained for 100 epochs across 5 folds. To
determine each model’s best performance, the mean of the fold-wise medians was
calculated for every epoch. This metric is referred to as median log10 prediction
error, and the lowest value of this metric, regardless of which epoch it was achieved
in, was considered to represent that model’s best performance. Only the aggregated
model outputs from the epoch attaining the best performance were used for further
model evaluation.

3.5.2.1 Pearson’s Correlation coefficient

Since Pearson’s correlation coefficient (r) measures the direction and strength of a
linear relationship between two variables, it was used to evaluate potential linear
associations between either the model hyperparameters or the number of trainable
parameters, and the median log10 prediction error [43]. Pearson’s correlation coeffi-
cient is defined in equation (3.4), where ŷν and yν denote paired values of the two
variables for instance ν, and S is the total number of instances.

r = S
∑S

ν=1 ŷνyν −∑S
ν=1 ŷν

∑S
ν=1 yν√(

S
∑S

ν=1 ŷ2
ν −

(∑S
ν=1 ŷν

)2
)(

S
∑S

ν=1 y2
ν −

(∑S
ν=1 yν

)2
) (3.4)

Additionally, Pearson’s correlation coefficient ranges from –1 to 1 (−1 ≤ r ≤ 1),
where r = 1 indicates a perfect positive linear relationship, and r = −1 indicates a
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perfect negative linear relationship [43]. r = 0 indicates no linear relationship, while
values between 0 and ±1 imply some linear relationship, albeit not a perfect one.

3.5.2.2 Spearman’s rank correlation coefficient

Spearman rank correlation coefficient (ρ) is used to assess the monotonic relation-
ship between two variables, i.e., the extent to which the relationship between two
variables can be described with an monotonically increasing or decreasing function
based on their ranks [44]. Due to this property, Spearman’s rank correlation co-
efficient was used to assess any monotonic relationship between either the model
hyperparameters or the number of trainable parameters, and the median log10 pre-
diction error.

Furthermore, the ranks used in Spearman’s rank correlation coefficient are obtained
by ranking the instances of each variable separately, with the largest values assigned
rank S and the smallest rank 1 [45]. For each variable pair ν, the difference of their
ranks, denoted Dν , is computed before ρ is calculated as described in equation (3.5).

ρ = 1 − 6∑S
ν=1 D2

ν

S(S2 − 1) (3.5)

The range of Spearman rank correlation coefficient is −1 ≤ ρ ≤ 1, where ρ < 0
means a negative relationship between the examined variables and ρ > 0 implies a
positive one [45]. The closer to -1 and 1 ρ is, the more perfect the relationship is,
and if the variables are uncorrelated, then ρ = 0.

3.5.2.3 90th Percentile

For each model, the 90th percentile of the aggregated absolute errors was computed
within each of the five folds from the 5-fold cross-validation. The mean of these
five percentile values was then calculated, resulting in the final 90th percentile of the
log10 performance error. By computing this performance metric, model performance
on the 10% most difficult-to-predict chemicals can be assessed, since 90% of the
chemicals have prediction errors below the 90th percentile. Thus, the 90th percentile
provides insights into the models’ reliability and their distribution of prediction
errors.

3.5.2.4 Fold Change

Fold change is a measurement to quantify the relative change between two values,
reflecting the extent to which one value is increased or decreased relative to a refer-
ence value [46]. Thus, fold change was used to assess the number of unique chemicals
for which the models under- and overestimated toxicity values. It was calculated
as the ratio between the aggregated predicted and aggregated true toxicity values,
with the latter serving as the reference value. Consequently, only one ratio calcula-
tion was performed for each unique chemical. Moreover, to identify any substantial
deviations, a 1000-fold change threshold was applied, such that only aggregated pre-
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dicted values exceeding or falling below the reference value by a factor of 1000 were
deemed significant.

3.5.3 Benchmarking
As a benchmark for the examined models, the pre-trained ChemBERTa model
seyonec/PubChem10M_SMILES_BPE_450k, available via the HuggingFace Transform-
ers library, was used. It had 6 encoder layers, 12 attention heads, and an embedding
size of 768. In addition, to ensure compatibility with the pre-trained ChemBERTa
model, the tokenizer was switched from SmilesTokenizer from DeepChem to the
one associated with the pre-trained model, as tokenization and the model’s ex-
pected input format must align. This new tokenizer was loaded using HuggingFace’s
AutoTokenizer and splits SMILES strings into common subtokens, i.e., typically
longer segments of the strings than the smallest meaningful components used by the
tokenizer from DeepChem.

The pre-trained ChemBERTa model was fine-tuned on the same chemical toxicity
prediction task as the other non-pre-trained models. In order to make these models
as comparable as possible, the batch size and learning rate for the pre-trained model
were the same as for the non-pre-trained ones, i.e., 128 and 1·10−5, respectively. The
output results were aggregated and evaluated in the same way as the output of the
other models.
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4
Results

This chapter presents the results, that have been post-processed (i.e., best epoch
selection and aggregation), and evaluated based on the framework outlined in Section
3.5 and its subsections. Moreover, the observations emphasized in the figures and
tables in the following sections are highlighted in relation to the aims specified in
Section 1.1.

4.1 Model Performance Comparison
In accordance with the first and third aims, the chemical toxicity prediction perfor-
mance of models with different architectures, determined by varying the following
model hyperparameters: embedding size (Em), number of encoder layers (E), and
number of attention heads (H), is compared. The performance of these non-pre-
trained models is shown in Figure 4.1. In this figure, each bar represents a model
with a unique architecture, and the performance metric is the median log10 pre-
diction error computed as described in Section 3.5.2. Additionally, the reported
prediction errors are the means of the five median absolute errors, one from each
fold in the 5-fold cross-validation, and the error bars correspond to the standard
deviation among these five folds. The subfigures are grouped according to the em-
bedding size used in each model configuration. Consequently, models in subfigure
4.1a use an embedding size of 64, those in 4.1b use 256, and those in 4.1c use 768.
The exact values shown in these subfigures are listed in Table A.1, located in Ap-
pendix A.1.

Moreover, Figure 4.1 shows that the fine-tuned ChemBERTa outperforms all other
non-pretrained models, regardless of their architecture, because it achieves a lower
median log10 prediction error. Specifically, ChemBERTa’s median log10 prediction
error is 0.5297, which is 0.0504 lower on the log scale than the best-performing non-
pretrained model, E10-H32 (i.e., 10 encoder layers and 32 attention heads) with an
embedding size of 768 and a median log10 prediction error of 0.5801.

In addition, the figure shows that multiple models perform similarly. In fact, there
are five models whose performance is within 0.01 log10 units of that of E10-H32 with
an embedding size of 768, and an additional 42 models whose performance is within
0.02 log10 units of the best-performing model. Notably, the worst-performing model,
E1-H4 with an embedding size of 768, achieves a median log10 prediction error of
0.6516, resulting in a performance range of 0.0715 log10 units.
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(a) Embedding size 64.

(b) Embedding size 256.

(c) Embedding size 768.

Figure 4.1: Median log10 prediction performance, computed for all models as the
mean of median performances across the five cross-validation folds, with error bars
indicating variability between folds. The fine-tuned ChemBERTa model is shown in
red at the left for benchmarking.

20



4. Results

4.2 Impact of Model Hyperparameters on Perfor-
mance

To address the second aim, this section emphasizes the evaluation of the impact
of model hyperparameters on performance. In Figure 4.1, which shows the median
log10 prediction errors for all models, it can be observed that models with embedding
sizes of 256 and 768 generally perform better, i.e., exhibit lower prediction errors,
compared to models with an embedding size of 64. This observation is further sup-
ported by the mean median log10 prediction errors across all models with the same
embedding size. Models with embedding sizes of 256 and 768 have similar mean
values, 0.6025 (σ = 0.0085) and 0.6012 (σ = 0.0123), respectively. These values are
lower than the mean value of the models with an embedding size of 64, which have a
value of 0.6200 (σ = 0.0118). All these observations suggest that larger embedding
sizes are generally associated with lower prediction errors.

This trend is further supported by the Pearson and Spearman correlation coefficients
between model hyperparameters and the median log10 prediction error, as listed in
Table 4.1. In this table, it is noted that correlation coefficients between embedding
size and median log10 prediction error are r = -0.605 and ρ = -0.464. This indi-
cates a moderately negative relationship between embedding size and median log10
prediction error, confirming that increasing the embedding size tends to improve
predictive performance.

Additionally, Figure 4.1 suggests that, despite some variations, increasing the num-
ber of encoder layers generally leads to a decrease in the median log10 prediction
error. This is supported by computing the mean of the median log10 prediction er-
rors across all models sharing the same number of encoder layers. The results show
that increasing the number of encoder layers from 1 to 16 leads to a decrease in
log10 prediction error from 0.6275 to 0.6025, although this reduction is not strictly
monotonic across all configurations, as shown in the extended results provided in
Table A.3 in Appendix A.3.1. Nevertheless, the general observation that a higher
number of encoder layers overall leads to lower prediction error is further supported
by the Pearson and Spearman correlation coefficients in Table 4.1. Specifically,
r = −0.443 and ρ = −0.521, which indicate a moderate negative correlation be-
tween the number of encoder layers and the prediction error across all models.

Regarding the number of attention heads, no clear relationship with prediction er-
ror is evident in Figure 4.1. This is further supported by the mean of median log10
prediction errors averaged over models with the same number of attention heads, as
shown in Table A.5 in Appendix A.3.2, where only minor differences between the
values are observed. Additionally, the Pearson’s and Spearman’s correlation coef-
ficients are both close to zero, indicating no significant correlation, as presented in
Table 4.1. However, Figure 4.1 also suggests that models using 1 or 64 attention
heads rarely achieve the lowest prediction error within a given combination of em-
bedding size and number of encoder layers.
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Table 4.1: Pearson’s (r) and Spearman’s (ρ) correlation coefficients, with p-values
in parentheses, quantifying the relationship between both model hyperparameters
or number of trainable parameters and median log10 prediction error.

Model Property Pearson r (p-value) Spearman ρ (p-value)
Embedding Size -0.605 (9.11·10−16) -0.464 (4.53·10−9)

# Encoder Layers -0.443 (2.60·10−8) -0.512 (4.27·10−11)
# Attention Heads 0.051 (5.43·10−1) 0.041 (6.24·10−1)

# Trainable Parameters -0.578 (3.33 ·10−14) -0.787 (1.29 ·10−31)

4.3 Impact of Number of Trainable Parameters
on Performance

Since the number of trainable parameters is related to the model hyperparameters,
the impact of the number of trainable parameters on chemical prediction perfor-
mance was evaluated as an extension of the second aim. The total number of
trainable parameters for the various model architectures is displayed in Figure 4.2.
Since the number of attention heads does not affect the number of trainable param-
eters given a set of E and Em, it is not included. Moreover, the figure also shows
that the number of trainable parameters increases significantly with embedding size,
and that it increases approximately linearly with the number of encoders when the
embedding size is fixed.

Regarding chemical toxicity prediction performance, Table 4.1 shows that there is a
moderate to strong negative correlation between the number of trainable parameters
and median log10 prediction error, because r = -0.578 and ρ = -0.787. This implies
that models with more trainable parameters tend to achieve lower prediction errors.

Figure 4.2: Number of trainable parameters of the models. Number of attention
heads is not included, as it does not affect trainable parameters for fixed H and Em.
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4.4 Model Performance at the 90th Percentile
To address all three aims, the performance of the models at the 90th percentile of
log10 prediction error was evaluated. This metric, computed for all models as the
mean of the 90th percentile values across the 5 cross-validation folds, is presented in
Figure 4.3. The error bars show the standard deviations across these folds and the
exact values in this figure are listed in Table A.2 in Appendix A.2.

Furthermore, in Figure 4.3, it can be observed that the fine-tuned ChemBERTa
model achieves a lower 90th percentile of the log10 prediction error compared to all
non-pre-trained models, indicating superior performance in predicting toxicity for
the 10% most challenging chemicals. The 90th percentile for ChemBERTa is 1.4694,
outperforming the best-performing model, E12-H64 with an embedding size of 768,
which achieves 1.5297.

Figure 4.3 also shows that models with an embedding size of 768 generally yield lower
90th percentile prediction errors than those with an embedding size of 256, which in
turn have lower prediction errors than models with an embedding size of 64. This
visually discernible trend is supported by the corresponding means of the 90th per-
centile log10 prediction errors, averaged across all encoder layer and attention head
configurations for each embedding size. The resulting means are 1.6009 (σ = 0.0234)
for embedding size 64, 1.5754 (σ = 0.0183) for 256, and 1.5640 (σ = 0.0255) for 768.
Thus, these results indicate that, overall, a larger embedding size contributes to im-
proved prediction performance, even for the 10% most difficult-to-predict chemicals.

In addition, Figure 4.3 suggests that increasing the number of encoder layers tends
to reduce the 90th percentile of the prediction error to some extent. The same gen-
eral pattern is observed among the means of the 90th percentile of log10 prediction
error computed for each unique number of encoder layers value, as they are decreas-
ing from 1.6124 for 1 encoder layer to 1.5737 for 16 encoder layers, albeit with some
minor fluctuations, as shown in Table A.4 in Appendix A.3.1.

Moreover, although Figure 4.3 shows that the number of attention heads does influ-
ence model performance on the 10% most difficult-to-predict chemicals, no consis-
tent trend can be observed either in that figure. However, the mean 90th percentile
log10 prediction errors obtained by averaging over models with the same number of
attention heads, shown in Table A.6 in Appendix A.3.2, implies that increasing the
number of attention heads reduces the 90th percentile of the prediction error from
1.5938 for 1 attention head to 1.5696 for 64 attention heads.
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(a) Embedding size 64.

(b) Embedding size 256.

(c) Embedding size 768.

Figure 4.3: 90th percentile of log10 prediction error, computed for all models as
the mean of the 90th percentile values across the 5 cross-validation folds. Error bars
indicate variability between folds. The fine-tuned ChemBERTa model is shown in
red on the left for benchmarking.
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4.5 Frequency of Over- and Under-Predictions at
the 1000-Fold Change Threshold

To complement the addressing of all three aims, fold changes with a 1000-fold change
threshold are presented in Figure 4.4 for the five models with the most and the fewest
under-predictions (Figure 4.4a) and over-predictions (Figure 4.4b) of chemical tox-
icity values for unique chemicals. The corresponding results for all trained models
are provided in Figures A.1 and A.2 in Appendix A.4.

The model with the most under-predictions of toxicity values, E1-H1-Em768, under-
estimates the toxicity values of 24 unique chemicals. In contrast, the lowest number
of under-predictions of toxicity values, 4 values, is achieved by E8-H8-Em768 and
E14-H4-Em768. Thus, they outperform the fine-tuned ChemBERTa, which under-
predicts the toxicity values of 7 unique chemicals.

Additionally, Figure 4.4a shows that the five models with the fewest under-predictions
of chemical toxicity values all share two model hyperparameter prperties: an em-
bedding size of 768 and at least 8 encoder layers. Though, the number of attention
heads varies from 1 to 64. In contrast, models with the highest number of under-
predictions of toxicity values predominantly exhibit an embedding size of 64 and 12
or fewer encoder layers. However, similar to the group with fewest underestimation
of toxicity values, the number of attention heads among these models also ranges
from 1 to 64.

In terms of over-prediction of toxicity values, in Figure 4.4b, it can be observed that
E1-H14-Em256 overestimates the toxicity values of 30 unique chemicals, which is
the highest among all models. In contrast, E6-H64-Em64 has the lowest number of
over-predictions of toxicity values, over-predicting toxicity values for 11 chemicals.
The fine-tuned ChemBERTa overestimates the toxicity values of 15 chemicals.

It is also notable that all models with the fewest number of over-predictions of tox-
icity values have an embedding size of 64, between 6 and 10 encoder layers, and
at least 8 heads. Conversely, the models with the most over-predictions of toxicity
values have embedding sizes of either 256 or 768, whereas the number of attention
heads varies between 1 and 64. Also, the encoder layers counts range from 1 to 16
for embedding size 256, and between 1 and 14 for embedding size 768.
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(a) Predicted toxicity value < true
toxicity value.

(b) Predicted toxicity value > true
toxicity value.

Figure 4.4: Fold change with a 1000-fold change threshold for the five models with
the most and the fewest under-predictions (a) and over-predictions (b) of chemical
toxicity values. Due to tied values, some groups may include more than five models.
The performance of the fine-tuned ChemBERTa model is shown in red for compar-
ison.
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5
Discussion and Conclusion

After presenting the findings of this thesis in Chapter 4, the focus now shifts to
addressing their implications in relation to the aims, namely to compare the toxicity
prediction performance of different model architectures, to analyze the influence of
hyperparameters on predictive performance, and to investigate the impact of pre-
training. This chapter also covers the thesis’s limitations, relation to prior research,
and relevance to the field, and concludes with suggestions for future research.

5.1 Discussion of Results in Relation to the Aims
As noted in Section 4.1, the models exhibited similar chemical toxicity prediction
performance, varying by only 0.0715 in median log10 prediction error. This sug-
gests that the choice of model architecture may have a limited impact on predictive
accuracy for this task, but also that the choice of tokenization method, training
hyperparameters or feed-forward network architecture, which were common across
all models, were not optimal. Given that the intended purpose of the feed-forward
network is to predict toxicity based on chemical representations and exposure time,
it is possible that network architecture or training hyperparameters or both may
have limited its ability to fully leverage the chemical structural representations pro-
vided by the RoBERTa component of each model.

In addition, dividing the SMILES into their smallest meaningful components may
have made it difficult for the RoBERTa component of the models to effectively learn
the chemical structures associated with toxicity, although it should, in theory, be
capable of doing so. A possible explanation for this is that sequences composed of
many small tokens introduce more irrelevant or less informative individual tokens,
which may act as noise. Thus, the attention mechanism must process more elements
to infer spatial relationships and toxicity-related patterns, possibly diluting atten-
tion across less relevant elements.

Concerning the model architecture, although the models exhibit only minor varia-
tions in predictive performance, patterns within this variation are observed in Sec-
tions 4.2 and 4.4. Based on visualizations of prediction performance using bar plots,
as well as analyses of correlation coefficients and means averaged with respect to
model hyperparameters, it is noted that increasing the embedding size or the num-
ber of encoder layers tends to reduce the median log10 prediction error and the 90th

percentile prediction error.
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A possible explanation for the observed trend related to embedding size is that a
larger embedding size allows a model to capture and store more information for each
token, including the [CLS] token. Thereby, the feed-forward network is provided
with more comprehensive information about the chemical structures, enabling more
accurate toxicity predictions. In addition, the representations created by an encoder
layer are passed on to the next, allowing the model to gradually learn deeper and
more complex characteristics of the SMILES strings, which may help explain the
observed trend related to the number of encoder layers and increased performance.

On the other hand, the fold changes with a 1000-fold change threshold in Section
4.5 show that the most over-predictions of toxicity values were exhibited by models
with an embedding size of 256 or 768 and between 1 and 16 encoder layers. Over-
prediction of toxicity values is more concerning for real-world applications than
under-prediction in this context, since the toxicity values are measured as EC50.
This means that chemicals whose toxicity values are over-predicted by the models
are actually more toxic than predicted, since a lower true EC50 indicates higher tox-
icity. Thus, increasing the embedding size and number of encoder layers to reduce
the prediction error and the 90th percentile prediction error can sometimes lead to
an underestimation of actual toxicity. Therefore, careful analysis of the results is
necessary to address the potential increase in toxicity underestimation for chemicals.

Furthermore, as observed in Sections 4.2, the number of attention heads appeared
to affect the prediction error, although no clear trend could be identified. One pos-
sible explanation is that the embedding size and number of encoder layers already
provide sufficient capacity for predicting chemical toxicity values, thereby reducing
the contribution of additional attention heads. Another explanation could be the
detailed tokenization, where small tokens limit the extraction of structural patterns
by the attention heads. Thus, the benefit of multi-head attention is reduced, possi-
bly causing the parallel attention heads to focus on similar features. This suggests
that the underlying issue may originate from factors other than the attention mech-
anism and the chosen number of attention heads. On the other hand, Section 4.4
shows that the mean of 90th percentile prediction error averaged over models with
the same number of attention heads is reduced when increasing the number of atten-
tion heads. Thus, it is implied that more attention heads have a positive effect on
prediction of the 10% most difficult-to-predict chemicals, suggesting that the models
nonetheless have some benefit from the multi-head attention.

Regarding the pre-trained and fine-tuned ChemBERTa model, it outperformed all
non-pre-trained models in terms of median log10 prediction error and 90th percentile
of prediction error, as described in Sections 4.1 and 4.4, showing that pre-training
significantly enhances the model’s ability to generalize and accurately predict chemi-
cal toxicity. This may be due to its advantage in learning generalized representations
of chemical data during the pre-training phase, whereas the non-pre-trained mod-
els lack this prior knowledge and must learn these representations solely from the
limited labeled data during fine-tuning, see Section 3.4.
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5.2 Limitations

Some limitations in this thesis include performance metrics, technical limitations,
external validity, and the utilization of SMILES strings as representations for chem-
ical structures. For measuring the performance of the models, the output values and
their corresponding absolute errors were aggregated in two steps using the mean at
each stage. This was done to ensure a single measurement per chemical, since some
chemicals had multiple entries in the dataset, as described in Section 3.5.1. While
this aggregation simplified the evaluation process, it may have reduced the variabil-
ity in model performance, thereby making the models appear more consistent than
they actually are. Additionally, these aggregations may result in chemicals with few
entries having the same weight as chemicals with multiple entries when computing
the median or the 90th percentile, consequently disproportionately influencing these
metrics used to evaluate model performance.

Technical limitations due to memory capacity on the computing nodes prevented
the evaluation of larger batch sizes and combinations of model hyperparameters,
such as larger embedding sizes and more encoder layers, resulting in more train-
able parameters. Thus, whether further increases in embedding size and number of
encoder layers would continue to improve chemical toxicity prediction performance
remains unexplored.

Additionally, external validity is somewhat limited since the dataset used consisted
of EC50 values for fish. As a consequence, whether the findings and conclusions
of the models examined in this thesis are applicable to other species or toxicity
endpoints remains uncertain and this requires further investigation. Moreover, since
SMILES strings are linear representations of three-dimensional chemical structures,
they may not fully represent the stereochemistry of a chemical, potentially affecting
the accuracy and predictive performance of the models.

5.3 Connection to Previous Research

As outlined in the Introduction, a previous study employed a transformer-based
model pre-trained on chemical structure data, using a fixed set of model hyper-
parameters [2]. This master’s thesis builds upon that work by investigating how
changes in model hyperparameters affect prediction performance and by examining
whether pretraining is necessary for toxicity prediction tasks. The results showed
that certain model hyperparameters, i.e., embedding size and number of encoder
layers, had a clear impact on prediction performance, and that models without
pretraining showed decent performance, but generally did not outperform the pre-
trained benchmark. Due to differences in evaluation metrics between the studies,
direct comparison with the results of the previous study is difficult. However, the
results of both studies indicate that transformer-based models hold potential for
chemical toxicity prediction.
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5.4 Relevance and Outlook
The findings in this thesis help to highlight promising directions for model archi-
tecture and the role of pre-training when it comes to transformer-based machine
learning models for toxicity prediction for chemicals. By advancing these models,
faster and more cost-effective toxicity assessments can be achieved, thereby reduc-
ing the need for extensive and sometimes unethical animal testing. This creates a
foundation for a rapid and efficient generation of data to support chemical emission
regulation. Given the continuous discovery and development of new chemicals, en-
suring timely toxicity assessment is increasingly important to reduce the harmful
effects of chemicals on the environment and human health.

In addition, further research could help clarify the impact of using more extreme val-
ues for model hyperparameters, particularly embedding size and the number of en-
coder layers, and also investigate whether these findings generalize to other chemical
representations, such as molecular graphs, as well as to different toxicity endpoints
and species beyond fish and EC50.
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A
Appendix A

In this Appendix, the data used to plot Figure 4.1 and 4.3 are listed. In addition,
complete tables showing the means of the median log10 prediction error and the
90th percentile of the log10 prediction error across embedding sizes, encoder layers,
and attention heads are provided. Additionally, figures that illustrate the over- and
underestimation of chemical toxicity values, based on a 1000-fold change threshold
for all models, are provided

A.1 Median log10 Prediction Error and Standard
Deviation for All Models

Table A.1: Median log10 prediction error and standard deviation for all 144 non-
pre-trained only models covering all hyperparameter combinations.

Embedding
Size

# Encoder
Layers

# Attention
Heads

Median log10 Prediction
Error [log10 mg/L]

Standard
Deviation

64 1 1 0.6437 0.0183
64 1 4 0.6374 0.0307
64 1 8 0.6365 0.0203
64 1 16 0.6397 0.0059
64 1 32 0.6438 0.0220
64 1 64 0.6438 0.0197
64 3 1 0.6268 0.0177
64 3 4 0.6295 0.0248
64 3 8 0.6383 0.0268
64 3 16 0.6291 0.0173
64 3 32 0.6327 0.0122
64 3 64 0.6321 0.0184
64 6 1 0.6060 0.0222
64 6 4 0.6202 0.0225
64 6 8 0.6157 0.0202
64 6 16 0.6229 0.0201
64 6 32 0.6139 0.0188
64 6 64 0.6327 0.0271
64 8 1 0.6176 0.0178
64 8 4 0.6112 0.0218
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64 8 8 0.6241 0.0212
64 8 16 0.6160 0.0209
64 8 32 0.6268 0.0203
64 8 64 0.6288 0.0219
64 10 1 0.6157 0.0135
64 10 4 0.6043 0.0212
64 10 8 0.6122 0.0305
64 10 16 0.6223 0.0197
64 10 32 0.6129 0.0293
64 10 64 0.6226 0.0224
64 12 1 0.6070 0.0102
64 12 4 0.6194 0.0169
64 12 8 0.6125 0.0127
64 12 16 0.6152 0.0198
64 12 32 0.6006 0.0227
64 12 64 0.6109 0.0282
64 14 1 0.6084 0.0214
64 14 4 0.6178 0.0190
64 14 8 0.6090 0.0099
64 14 16 0.6206 0.0202
64 14 32 0.6065 0.0144
64 14 64 0.6203 0.0212
64 16 1 0.5990 0.0300
64 16 4 0.6105 0.0142
64 16 8 0.6034 0.0229
64 16 16 0.6160 0.0148
64 16 32 0.6158 0.0372
64 16 64 0.6096 0.0203
256 1 1 0.6320 0.0257
256 1 4 0.6150 0.0167
256 1 8 0.6221 0.0076
256 1 16 0.6200 0.0189
256 1 32 0.6099 0.0225
256 1 64 0.6085 0.0257
256 3 1 0.6140 0.0250
256 3 4 0.6040 0.0149
256 3 8 0.6059 0.0228
256 3 16 0.6072 0.0209
256 3 32 0.6038 0.0325
256 3 64 0.6039 0.0239
256 6 1 0.5983 0.0164
256 6 4 0.5925 0.0243
256 6 8 0.5932 0.0122
256 6 16 0.5997 0.0261
256 6 32 0.6040 0.0134
256 6 64 0.6041 0.0055

II



A. Appendix A

256 8 1 0.6005 0.0164
256 8 4 0.6024 0.0112
256 8 8 0.6013 0.0281
256 8 16 0.6047 0.0230
256 8 32 0.5918 0.0238
256 8 64 0.6062 0.0177
256 10 1 0.5977 0.0332
256 10 4 0.5896 0.0189
256 10 8 0.5909 0.0329
256 10 16 0.6032 0.0311
256 10 32 0.6106 0.0250
256 10 64 0.5909 0.0204
256 12 1 0.5960 0.0323
256 12 4 0.6012 0.0234
256 12 8 0.5895 0.0279
256 12 16 0.6041 0.0193
256 12 32 0.6105 0.0216
256 12 64 0.5976 0.0155
256 14 1 0.5961 0.0251
256 14 4 0.5943 0.0209
256 14 8 0.5932 0.0188
256 14 16 0.6007 0.0122
256 14 32 0.5993 0.0228
256 14 64 0.5978 0.0156
256 16 1 0.6017 0.0129
256 16 4 0.6046 0.0177
256 16 8 0.6024 0.0316
256 16 16 0.5993 0.0178
256 16 32 0.6039 0.0231
256 16 64 0.6081 0.0240
768 1 1 0.6096 0.0267
768 1 4 0.6516 0.0173
768 1 8 0.6373 0.0073
768 1 16 0.6177 0.0208
768 1 32 0.6042 0.0113
768 1 64 0.6221 0.0235
768 3 1 0.6153 0.0270
768 3 4 0.6153 0.0260
768 3 8 0.6004 0.0140
768 3 16 0.5978 0.0251
768 3 32 0.6127 0.0270
768 3 64 0.5969 0.0129
768 6 1 0.6116 0.0070
768 6 4 0.6033 0.0243
768 6 8 0.5971 0.0185
768 6 16 0.5988 0.0233
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768 6 32 0.5917 0.0118
768 6 64 0.5960 0.0164
768 8 1 0.5982 0.0127
768 8 4 0.5974 0.0176
768 8 8 0.6012 0.0189
768 8 16 0.6052 0.0198
768 8 32 0.5979 0.0097
768 8 64 0.6028 0.0199
768 10 1 0.5896 0.0132
768 10 4 0.5977 0.0217
768 10 8 0.5983 0.0267
768 10 16 0.5912 0.0244
768 10 32 0.5801 0.0214
768 10 64 0.6000 0.0184
768 12 1 0.5905 0.0225
768 12 4 0.5979 0.0215
768 12 8 0.5999 0.0137
768 12 16 0.5913 0.0257
768 12 32 0.6020 0.0330
768 12 64 0.6063 0.0248
768 14 1 0.5993 0.0210
768 14 4 0.5906 0.0236
768 14 8 0.5869 0.0303
768 14 16 0.5933 0.0179
768 14 32 0.6000 0.0230
768 14 64 0.5925 0.0283
768 16 1 0.6020 0.0163
768 16 4 0.5946 0.0241
768 16 8 0.5860 0.0139
768 16 16 0.6005 0.0313
768 16 32 0.5922 0.0141
768 16 64 0.5951 0.0222

A.2 90th Percentile of log10 Prediction Errors and
Standard Deviations for All Models

Table A.2: Median log10 prediction error and standard deviation for all 144 non-
pre-trained only models covering all hyperparameter combinations.

Embedding
Size

# Encoder
Layers

# Attention
Heads

90th Percentile of log10 Pred-
iction Error [log10 mg/L]

Standard
Deviation

64 1 1 1.6357 0.0495
64 1 4 1.6463 0.0346
64 1 8 1.6527 0.0457
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64 1 16 1.6324 0.0509
64 1 32 1.6284 0.0339
64 1 64 1.6259 0.0478
64 3 1 1.6185 0.0779
64 3 4 1.6180 0.0728
64 3 8 1.6051 0.0259
64 3 16 1.6275 0.0226
64 3 32 1.6143 0.0410
64 3 64 1.6141 0.0428
64 6 1 1.6059 0.0500
64 6 4 1.6000 0.0445
64 6 8 1.6192 0.0365
64 6 16 1.6268 0.0296
64 6 32 1.6004 0.0358
64 6 64 1.6134 0.0290
64 8 1 1.6152 0.0363
64 8 4 1.6117 0.0586
64 8 8 1.6022 0.0812
64 8 16 1.5812 0.0557
64 8 32 1.5817 0.0448
64 8 64 1.5842 0.0549
64 10 1 1.6125 0.0220
64 10 4 1.6096 0.0562
64 10 8 1.6241 0.0158
64 10 16 1.6196 0.0429
64 10 32 1.5914 0.0232
64 10 64 1.5707 0.0382
64 12 1 1.6018 0.0443
64 12 4 1.5997 0.0293
64 12 8 1.5956 0.0583
64 12 16 1.5829 0.0523
64 12 32 1.5707 0.0531
64 12 64 1.5495 0.0446
64 14 1 1.5949 0.0547
64 14 4 1.6041 0.0232
64 14 8 1.5832 0.0276
64 14 16 1.5847 0.0616
64 14 32 1.5619 0.0486
64 14 64 1.5636 0.0503
64 16 1 1.5904 0.0674
64 16 4 1.5646 0.0687
64 16 8 1.5893 0.0184
64 16 16 1.5817 0.0300
64 16 32 1.5660 0.0418
64 16 64 1.5693 0.0235
256 1 1 1.6193 0.0351
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256 1 4 1.6152 0.0342
256 1 8 1.6004 0.0415
256 1 16 1.5740 0.0253
256 1 32 1.5956 0.0477
256 1 64 1.5572 0.0545
256 3 1 1.5910 0.0740
256 3 4 1.6060 0.0315
256 3 8 1.5990 0.0728
256 3 16 1.5715 0.0795
256 3 32 1.6036 0.0652
256 3 64 1.5912 0.0303
256 6 1 1.5956 0.0368
256 6 4 1.5745 0.0432
256 6 8 1.5874 0.0529
256 6 16 1.5738 0.0709
256 6 32 1.5500 0.0442
256 6 64 1.5567 0.0540
256 8 1 1.5904 0.0538
256 8 4 1.5898 0.0515
256 8 8 1.5911 0.0525
256 8 16 1.5585 0.0484
256 8 32 1.5711 0.0415
256 8 64 1.5729 0.0287
256 10 1 1.5734 0.0352
256 10 4 1.5501 0.0387
256 10 8 1.5640 0.0589
256 10 16 1.5650 0.0395
256 10 32 1.5724 0.0292
256 10 64 1.5609 0.0552
256 12 1 1.5656 0.0711
256 12 4 1.5708 0.0572
256 12 8 1.5608 0.0567
256 12 16 1.5640 0.0460
256 12 32 1.5786 0.0389
256 12 64 1.5523 0.0607
256 14 1 1.5661 0.0312
256 14 4 1.5688 0.0369
256 14 8 1.5588 0.0653
256 14 16 1.5586 0.0426
256 14 32 1.5389 0.0318
256 14 64 1.5455 0.0358
256 16 1 1.5633 0.0495
256 16 4 1.5761 0.0571
256 16 8 1.5917 0.0523
256 16 16 1.5943 0.0385
256 16 32 1.5767 0.0399
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256 16 64 1.5662 0.0377
768 1 1 1.6559 0.0352
768 1 4 1.6019 0.0419
768 1 8 1.6098 0.0351
768 1 16 1.5632 0.0323
768 1 32 1.5916 0.0320
768 1 64 1.6173 0.0505
768 3 1 1.6010 0.0344
768 3 4 1.5763 0.0461
768 3 8 1.5858 0.0160
768 3 16 1.5882 0.0841
768 3 32 1.5648 0.0355
768 3 64 1.5879 0.0259
768 6 1 1.5868 0.0515
768 6 4 1.5402 0.0335
768 6 8 1.5655 0.0612
768 6 16 1.5453 0.0462
768 6 32 1.5391 0.0354
768 6 64 1.5359 0.0399
768 8 1 1.5672 0.0346
768 8 4 1.5373 0.0529
768 8 8 1.5300 0.0424
768 8 16 1.5564 0.0378
768 8 32 1.5368 0.0249
768 8 64 1.5559 0.0369
768 10 1 1.5575 0.0481
768 10 4 1.5443 0.0352
768 10 8 1.5421 0.0425
768 10 16 1.5436 0.0420
768 10 32 1.5472 0.0602
768 10 64 1.5538 0.0291
768 12 1 1.5882 0.0692
768 12 4 1.5561 0.0318
768 12 8 1.5470 0.0530
768 12 16 1.5522 0.0471
768 12 32 1.5477 0.0491
768 12 64 1.5297 0.0432
768 14 1 1.5735 0.0285
768 14 4 1.5723 0.0387
768 14 8 1.5394 0.0234
768 14 16 1.5575 0.0331
768 14 32 1.5493 0.0411
768 14 64 1.5330 0.0234
768 16 1 1.5805 0.0430
768 16 4 1.5734 0.0384
768 16 8 1.5499 0.0584
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768 16 16 1.5619 0.0612
768 16 32 1.5685 0.0237
768 16 64 1.5621 0.0475

A.3 Median and 90th Percentile Prediction Errors
Grouped by Model Hyperparameters

A.3.1 Prediction Errors by Number of Encoder Layers

Table A.3: Mean and standard deviation of median log10 prediction errors grouped
by encoder layers, i.e., averaged over embedding sizes and attention head counts for
each encoder layer configuration.

Encoder
Layers

Mean of Median log10
Prediction Error [log10 mg/L]

Standard
Deviation

1 0.6275 0.0148
3 0.6148 0.0134
6 0.6057 0.0116
8 0.6075 0.0109
10 0.6016 0.0122
12 0.6029 0.0086
14 0.6015 0.0102
16 0.6025 0.0078

Table A.4: Mean and standard deviation of 90th percentile of log10 prediction
errors grouped by encoder layers, i.e., averaged over embedding sizes and attention
head counts for each encoder layer configuration.

Encoder
Layers

Mean of 90th Percentile of
log10 Prediction Error [log10 mg/L]

Standard
Deviation

1 1.6124 0.0287
3 1.5980 0.0173
6 1.5787 0.0295
8 1.5741 0.0249
10 1.5723 0.0274
12 1.5674 0.0203
14 1.5641 0.0194
16 1.5737 0.0123
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A.3.2 Prediction Errors by Number of Attention Heads

Table A.5: Mean and standard deviation of median log10 prediction errors grouped
by attention heads, i.e., averaged over embedding sizes and encoder layer counts for
each attention head configuration.

Attention
Heads

Mean of Median log10
Prediction Error [log10 mg/L]

Standard
Deviation

1 0.6074 0.0131
4 0.6084 0.0154
8 0.6066 0.0156
16 0.6090 0.0127
32 0.6070 0.0137
64 0.6096 0.0143

Table A.6: Mean and standard deviation of 90th percentile of log10 prediction
errors grouped by attention heads, i.e., averaged over embedding sizes and encoder
layer counts for each attention head configuration.

# Attention
Heads

Mean of 90th Percentile of
log10 Prediction Error [log10 mg/L]

Standard
Deviation

1 1.5938 0.0243
4 1.5836 0.0280
8 1.5831 0.0301
16 1.5777 0.0259
32 1.5728 0.0247
64 1.5696 0.0269

A.4 Fold Change Plots with 1000-Fold Threshold
for All Models
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(a) Embedding size 64.

(b) Embedding size 256.

(c) Embedding size 768.

Figure A.1: Fold change with a 1000-fold change threshold for under-prediction of
chemical toxicity values, i.e., predicted toxicity value < true toxicity value, for all
trained models.
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(a) Embedding size 64.

(b) Embedding size 256.

(c) Embedding size 768.

Figure A.2: Fold change with a 1000-fold change threshold for over-prediction of
chemical toxicity values, i.e., predicted toxicity value > true toxicity value, for all
trained models.
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