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Abstract

In recent years, there has been a significant increase in the use of chemicals in our
environment due to growing demand and consumption. Consequently, large-scale
chemical regulation based on toxicological assays has been implemented to prevent
exposure-related consequences for nature and human health. Historically, animal-
based assays have been used for this purpose. However, there is now an increasing
demand to replace these animal-based assessment methods with computer-based
alternatives. Despite previous attempts to develop computer-based models, these
models have proven to be unreliable and inaccurate, leading to a decrease in inter-
est. Therefore, there is a pressing need to develop new computer-based models for
toxicity assessment. Here, the introduction of deep learning models, particularly
transformer architecture, has the potential to revolutionise the field. Deep neural
networks have demonstrated the ability to handle complex and high-dimensional
problems, surpassing older modelling techniques. Moreover, as the transformer has
shown promise in handling chemical structure information, there is growing interest
in its usage in the field of environmental toxicity assessment. The aim of this project
was hence to explore the potential of transformer-based deep neural network models
for the purpose of toxicity assessment.

For this project, a subset of rat and mice in vivo toxicity assay data associated
with ECso and LOEC measurements, as well as dilerent administration routes,
were utilised. Here, three sets of data were analysed, each distinguished by the
hazards: acute toxicity, carcinogenicity, or reproductive toxicity. The first type of
model, the single-DNN model, was created for each data set separately. Subse-
quently, these models were expanded to the multiple-DNN model, able to handle
all three data sets simultaneously. For all models, a pre-trained ROBERTa trans-
former was utilised to interpret canonicalised SMILES representation of chemical
structures, with the performance then evaluated through repeated 10-fold cross-
validation. Principal Component Analysis demonstrated that the transformer could
identify patterns in chemical structures related to toxicity. Moreover, the study
found that the single-DNN model outperformed the multiple-DNN model in all tri-
als, likely due to the latter’s increased complexity. All models exhibited leniency
towards chemicals with low measured concentrations, and to mitigate this problem,
a more stringent loss for lower concentrations was suggested. Overall, this project
demonstrated the potential and e [edtiveness of transformer-based computer models
for toxicity assessment, showcasing the versatility of this technology for addressing
a broad range of toxic hazards.

Keywords: environmental risk assessment, SMILES, RoBERTa, deep learning, ar-
tifical intelligence, transformer, toxicity
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1

Introduction

The swift progress of industrial and societal advancements has led to an escalated
threat of chemical exposure to both nature and human health [2]. To mitigate this
risk, chemicals are now mandated to undergo rigorous testing for potential haz-
ardous e ects, such as toxicity, prior to being introduced to the market [3], [4]. In
relation to this, the European Union's Registration, Evaluation, Authorisation, and
Restriction of Chemicals (REACH) regulation requires companies to register chem-
icals and provide associated risk assessments, which include information on toxicity
and ecotoxicity [5]. Here, the foundation of these risk assessments lies within the
Environmental Risk Assessment (ERA), which predominantly encompasses toxico-
logical assays.

Toxicological assays are conventionally conducted through a variety of both vivo
and in vitro animal experiments [6]. However, these tests have been found to be
both time and cost-intensive, in addition to being of ethical concern and question-
able reliability. As a response to this, there has been a growing interest in developing
alternative testing methods, with the EU advocating for the use ah silico models.
However, despite this, there has been a decline in the number of computational mod-
els used in recent years, with only a small number currently in use [4]. Moreover,
the primary cause of this reduced interest in computational models is the substan-
tial variations in output and performance due to di erences in chemical structural
information handling [7].

Consequently, computational methods require further research and development to
enhance their accuracy and reliability before they can completely supplant biologi-
cal tests. Here, Arti cial Intelligence (Al) has emerged as a promising prospect [3].
With its cost-e ectiveness and ability to process vast amounts of intricate data, Al
can outperformed traditional modelling methods and transformed the computational
realm. Nowadays, Al is applied across various scienti ¢ elds, including biology and
medicine [8], [3]. Moreover, the introduction of the revolutionising transformer ar-
chitecture o ers a potential solution to the challenge of handling chemical structural
information [9]. Against this backdrop, this thesis aims to expand on previous en-
deavours to advance the exploration and development of Al-based models for toxicity
evaluation.



1. Introduction

1.1 Aims and Scope

The objective of this study is to create and evaluate Al-based models that can fore-
cast mammalian chemical toxicity. Here, the data set used will include rat and mice
toxicity assays for a diverse range of administration routes but be restricted to only
ECso and LOEC measurements. Initially, three distinct models will be developed,
each exclusively focused on predicting one of the following toxic e ects: acute tox-
icity, carcinogenicity, and reproductive toxicity. Subsequently, the goal is to merge
these models into a single model that can manage all three toxic e ects. More-
over, the models will be founded on a combination of transformer architecture and
a Deep Neural Network (DNN). In this system, the transformer component will be
responsible for processing and transforming chemical structural inputs in the form
of SMILES. Furthermore, the DNN component will utilise the transformer's output,
together with additional metadata, to perform the nal toxicological assessment. In
summary, the research aims addressed by this study are as follows:

" Develop and analyse a transformer-based model able to perform toxicological
predictions for one speci c toxic e ect.

" Develop and analyse an expanded model able to handle and predict various
toxic e ects simultaneously.

This study had access to a substantial amount of mammalian data associated with
di erent species and outcomes. However, due to time and feasibility constraints, the
investigation was restricted to the categories: rats, mice, &g LOEC and a few
select administration routes. In addition, due to the same reasons, only one type of
transformer, the ROBERTa transformer, was evaluated and integrated with a basic
feed-forward neural network.



Theory

The next chapter aims to explain the theory necessary to comprehend the crucial
procedures in the project, with speci c details provided as necessary. Additional
sources are cited for further information, and the methods for model building and
training procedures used in the project will be covered in the next chapter.

2.1 Environmental Toxicology

In the scientic eld of environmental toxicology, both the analysis of potential
health risks, as well as the management and protection measures, associated with
hazardous chemicals are covered [10], [11], [12]. Toxic chemicals can cause acute
or chronic, such as cancer-related, health e ects, with dosage being a signi cant
factor in what outcome exposure will have. Laboratory toxicity assessments, made
through a combination ofin vivo, in vitro, and in silico testing procedures, are used

to determine hazardous properties and dosage for di erent chemicals. Results are
often presented as e ect concentrations such as EQsuch as 50% e ect, EGp) and
Lowest Observed E ect Concentration, LOEC, which indicate the concentrations

at which a certain percentage of the test population experiences health hazards. A
dose-response curve is commonly used to visualize these results, with a general ex-
ample of such a curve, where E{ and LOEC values have been marked out, shown

in Figure 2.1.



2. Theory

Figure 2.1: A general example of a dose-response curve, in which values for LOEC
(Lowest Observed E ect Concentration) and EGo (50% e ect concentration) have
been marked out.

Within the EU, the REACH Regulation requires companies to conduct chemical
toxicity assessments before producing, importing or selling a chemical [13]. The Eu-
ropean Chemicals Agency (ECHA) is responsible for registering and assessing the
risks associated with the chemicals, as well as determining the need for restrictions
or bans. Moreover, the regulation obligates companies to identify and manage po-
tential hazards associated with the chemicals they market or produce by providing
guidelines for data collection and toxicity assessment.

2.2 Deep Neural Networks

Deep Learning, based on Arti cial Neural Networks (ANNs), has been shown to
be a useful tool for chemical toxicity analysis [3], [14], [15]. ANNSs, often in the
form of Deep Neural Networks (DNNSs), consist of multiple layers of interconnected
nodes, forming a complex web of connections. Here, the connection between neu-
rons is parameterised by weights and biases, making it essentially a weighted sum.
Additionally, an activation function at each layer re-scales the signal and thereby
determines to what degree the signal should be passed on to the next layer. The opti-
misation of this system, achieved through supervised learning with gradient descent,
involves updating the weights and biases through backpropagation to minimise the
error between the predicted outcomes and the measured values found in the data.

DNNs can handle large and complex data better than traditional regression tech-
nigues. However, making a DNN too large can lead to it becoming too ne-tuned to
the training data, so-called over tting, and poor performance on unseen data [16].
Hence, the performance of a DNN depends heavily on hyperparameters like the

6



2. Theory

number of hidden layers and neurons in each layer. To address this, dropout, where
a percentage of neurons in the model are inactivated, and freezing some layers dur-
ing training can reduce the model's sensitivity to training data. An example of a
simple DNN with only an input and output layer can be seen in Figure 2.2.

Figure 2.2: A simple illustration of a Deep Neural Network, consisting of only one
input layer with two nodes, as well as an output layer with one node parameterised
by one weight for each input node (wand w,), and a bias, b.

2.3 Simplied Molecular Input Line Entry Sys-
tem (SMILES)

Chemicals' properties and their potential health hazards are related to their molec-
ular structures, making e cient utilization of structural information critical for in
silico methods for toxicity prediction [9]. Moreover, to process molecular structures
computationally, they must be represented in a 1D sequential format while retaining
important structural information found in their 3D form. Here, Simpli ed Molec-
ular Input Line Entry Systems (SMILES), a sequence of letters and symbols that
represent a molecular structure, are commonly used for small structures, as they
are designed in such a way that they contain information on the 3D aspects of the
original molecular structure they represent. Figure 2.3 provides an example of a
structure with its corresponding SMILES representation [17]. In the gure, colour
has been used to demonstrate which parts of the original 3D structure correspond
to a certain element in the SMILES string, as well as geometrically close pairs in
the structure.
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Figure 2.3: An example of a molecular structure together with its SMILES rep-
resentation. Each part of the original structure corresponding to a certain part of
the SMILES string has here been assigned the same colour, as well as geometrically
close pairs in the SMILES string.

An issue is that SMILES representations can have multiple versions for the same
chemical, depending on how the atoms have been numbered in the structure [8].
This problem is usually resolved by running SMILES through canonicalisation algo-

rithms, which always follow the same speci c rules for generating SMILES. However,

di erent databases have their own versions of these algorithms, making it impor-

tant to use the same algorithm to ensure the uniqueness of SMILES for a specic
chemical.

2.4 Natural Language Processing and The Trans-

former Architecture
Computational scientists historically faced an issue with computers' inability to
process textual inputs like SMILES [9]. To combat this, Natural Language Pro-
cessing (NLP) was introduced, where recently the Transformer architecture has
revolutionised the eld with recent technological breakthroughs such as GPT [18].
Transformers rely on the self-attention mechanism to learn and process text into a
high-dimensional numerical output processable in a neural network [9]. Contrary
to older NLP algorithms where text was processed in a sequential manner, lead-
ing to issues both with speed and memory usage, transformers utilise the semantic
meaning found in the geometrical distances between elements in an input string.
This makes them suitable for processing SMILES, where the elements in the string
correspond to actual 3D elements in molecular structures, and the distances between
these elements are important.

More speci cally, transformers are composed of encoders and decoders, with the
encoder performing input encoding and the decoder predicting the most probable

8



2. Theory

translation [19], [20]. Input strings are pre-processed by a tokenizer, which split
them into smaller elements, or tokens, according to some pre-existing vocabulary,
and each token is then given corresponding input and positional embeddings before
being transformed by the encoder. The task of the encoder is then to shift, or trans-
form, these input-embeddings in a manner which takes context (such as if a certain
word/token is more important for understanding the meaning of the sentence than
others) into consideration. Here, the positional embeddings provide context for the
encoder's interpretation, as input embeddings lack positional information. The out-
put embeddings, unique for each token, are primed for the decoder's nal translation.

The encoder in the transformer system uses self-attention to take context into con-
sideration [19], [20], [9]. Self-attention computes the relative importance of input
embeddings to one another based on their spatial relationship or distance. For ex-
ample, for an input sentence, some words will be more closely related to each other
than others (e.g. words describing nature, "tree", "river”, "soil"). The closeness in
the relationship between these words will translate to their input embeddings lying
closer in high-dimensional space. Furthermore, the self-attention mechanism then
essentially computes the dot product between each input embedding, meaning that
the embeddings which lie close in high dimensional space will be associated with a
high dot product. More speci cally, each high-dimensional input token is divided
into query, key, and value vectors to capture unique aspects of the input token.
The dot product between each token's key, query, and value vector is computed
to determine the nal weight or attention between each token. To get these key,
query, and value vectors, each input embedding is multiplied with the respective
weight matrices Wk , Wq, and Wy,. Then the nal weight (or attention) calculated
between each token is described by a function, see Equation 2.1, of all three of
these dot products [9]. Finally, the resulting output is passed through a softmax
function whose task is to crush small and negative values to O (indicating distant
or no relationship between tokens), whilst in ating large values (indicating a strong
relationship between tokens).

[H]Attention (Q; K;V ) = softmax (%E:Z)V (2.1)
k

Multi-head self-attention is a technique used to improve the e ciency of the self-
attention mechanism in transformers [19], [20]. It involves splitting the input into
multiple sets of key, query, and value vectors, with each set being associated with its
own weight matrices that capture unique aspects of the input. These multiple heads
work in parallel and each performs the self-attention process described before, before
nally concatenating their outputs back into vectors of the same sizes as the original
input embeddings. Moreover, this technique allows transformers to nd extremely
complex relationships in their inputs. Additionally, in modern transformers, several
encoders are stacked together in encoder blocks to further enhance their ability to
capture intricate relationships.
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2.4.1 BERT-Based Transformers

Low-quality data can signi cantly a ect the output and usefulness of both tradi-
tional and Al-based models. Deep Learning models often require labelled data, but
large datasets in elds such as biology may have limited labelled data, reducing
the performance of traditional transformers [21], [22], [23]. To address this issue,
di erent classes of transformers have been developed for speci c tasks, including
those focused on handling unlabelled data. Here, the Bidirectional Encoder Repre-
sentation from Transformers, or BERT, based on masked-language modelling, has
become popular in text classi cation and language analysis due to its bidirectional
pre-training and ne-tuning system, allowing it to handle a broad range of problems.

The BERT model's ability to handle large unlabelled datasets is due to its unsuper-
vised, bidirectional pre-training [21], [22], [23]. Here, BERT uses Masked Language
Modelling (MLM) to give the model a general understanding of the language of inter-
est, through a percentage of tokens being randomly masked, and BERT then being
tasked with predicting the masked word from surrounding words. In pre-training,
Next Sentence Prediction (NSP) is also used to understand the relationship be-
tween sentences in the input data. Once pre-training is complete, BERT is ready
for ne-tuning, where it becomes ne-tuned to a speci c task/problem involving the
language at hand. Fine-tuning is done through supervised learning, but BERT's un-
derstanding of the language from pre-training means that only a small set of labelled
data is required. Through ne-tuning, BERT can perform a wide range of tasks,
such as text prediction, summarization, and text generation. BERT also implements
large-scale parallelization to make use of large amounts of data within an e cient
time frame. When using BERT-based transformers, inputs are tokenized and a CLS
(classi cation) token is added as the rst token. Moreover, the tokens are then trun-
cated or padded to a xed size and matched to their associated embeddings. The
transformer is then trained through multi-head self-attention, as mentioned previ-
ously, but without using decoders. Speci c to BERT is the training of an additional
CLS token that summarizes all the information BERT learns through ne-tuning,
which can be used as a replacement for all the output tokens of a sentence.

Since the introduction of BERT, improvements have been made to the model, in-
cluding the development of the Robustly Optimized BERT Approach, or ROBERTa,
to address speed-related issues in pre-training [24]. RoBERTa eliminates the Next
Sentence Prediction (NSP) technique used in BERT while outperforming it in terms
of performance. RoBERTa is used in various NLP tasks, including the ChemBERTa
model, which achieved a vocabulary size of about 8 thousand tokens through pre-
training with large datasets of canonicalized SMILES, which were canonicalized
using rdkit's canonicalization algorithm [25]. In this project, a pre-trained Chem-
BERTa will be used instead of training a new RoBERTa model. Finally, a general
illustration of a ROBERTa transformer, including tokenization and CLS-token ex-
traction, is shown in Figure 2.4.

10



2. Theory

Figure 2.4: A simpli ed representation of a tokeniser connected to a ROBERTa
transformer. The input string is rst segmented into predetermined tokens () by

the tokeniser, before being fed to the transformer. Then, each token is assigned an
input and positional embedding (k). Using self-attention, the transformer adjusts
these embeddings based on the problem at hand. During this process, the CLS
token is trained, which then can be extracted as output from the transformer.

11
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Methods

Presented in this section are the methods used together with information speci c to
the implementation of these methods. However, the purpose of this section is not
to provide details on or understanding of speci c concepts. For this, the reader is
instead directed to the previous chapter.

3.1 In Vivo Toxicological Data

In this project, the in vivo data used, especially that from the RTECS dataset, is
characterized by a large number of associated variables. These variables include
various species, assay outcomes, and administration routes. hence, to simplify the
analysis, only a limited subset of this data was used. Subsequently, the relevant
variables and categories for this subset are listed in Table 3.1.

Table 3.1: Variables inIn Vivo Data with Categories

Variable Categories
Species rat, mouse
Administration Routes intraperitoneal, oral, intravenous, subcutaneous,

dermal, intracerebral, intramuscular, parenteral,
intratracheal, intraspinal, implant, other routes
Assay Outcomes ECso, LOEC
Data Sets acute toxicity, carcinogenicity, reproductive toxicity

Notably, the "other routes" category in the administration route variable in then
vivo data used contains chemical routes of administration with only rare occurrences.
The assay data, in its entirety, also includes a variety of concentrations in di erent
units, however only those that can be converted to mL/kg body weight were kept
during pre-processing. Moreover, although experiment duration was considered a
potentially signi cant variable, it was not included due to the lack of available data.
All data points in the in vivo data are associated with a canonicalised SMILES string
obtained through the rdkit canonicalization function, as well as a CAS number. Fur-
thermore, the distribution of data in the three di erent in vivo toxicological datasets
used in this project varies signi cantly. The majority of the data, approximately
88%, corresponds to acute toxicity measurements, whereas reproductive toxicity and
carcinogenicity tests only make up about 9% and 3% of the data, respectively. This
information is visualized in Figure 3.1.
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Figure 3.1: Relative amounts of the three di erent data sets inn vivo animal test
data.

Moreover, the Venn diagram in Figure 3.2, depicting the number of unique SMILES
in each data set, along with the overlap of unique SMILES between data sets, shows
that as well as being the largest row-wise, the acute toxicity data set also dominates
the other data sets in terms of unique SMILES. About 78,000 unique SMILES are
found exclusively in the acute toxicity data set, whilst the other two data sets only
have about 1,600 to 1,700 SMILES uniquely attributed to them.

Figure 3.2: Venn diagram of unique SMILES, as well as their overlap, in and
betweenin vivo animal test data sets.

The prevalence of certain species, administration routes, and assay outcomes in the
in vivo data used in this project also varies a lot between data sets, where the number
of SMILES associated with either the assay outcome EBgor LOEC, as well as either
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the species mouse or rat, is presented in Table 3.2. In the table, it can be seen that
most of the data are of type EGy and mouse. However, notably, the carcinogenicity
and reproductive toxicity data sets are dominated by LOEC data, with the former
data set only having data of this type, meaning that it is the acute toxicity data set
that contributes to the majority of all data being ECso. For the species variable, rats
dominate in the reproductive toxicity data set, whilst the distribution of chemicals
between the species is almost equal for carcinogenic data. Once again, it is therefore
due to the acute toxicity data set, and its size, that the data overall are of mostly
mouse assays.

Table 3.2: Distribution of Assay Outcomes and Species im Vivo Data

Parameter Acute Toxicity Carcinogenicity | Reproductive Total
Toxicity
ECso 92,823 0 20 92,843
LOEC 20,689 4,257 11,350 36,296
Mouse 81,143 2,135 3,252 86,530
Rat 32,369 2,122 8,118 42,609

Furthermore, the distribution of administration routes across the entire data is

shown in Figure 3.3, where it can be seen that intraperitoneal, oral, and intra-
venous administration routes dominate, accounting for 34, 30, and 18% of the data,
respectively.

Figure 3.3: Administration route distribution in in vivo animal test data.
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3.1.1 Pre-processing

For in vivo toxicological assays, all data used in this project comes from the RTECS
and REACH databases, and to create the nal data sets used in the project data
from both databases were mixed randomly. Moreover, to reduce variance in con-
centration, the Logy transformation was then applied to the measurements. To
ascertain that there was not any variation in SMILES for the same chemicals, all
SMILES were run through RDKit's canonicalization algorithm. Finally, all categori-

cal variables (such as species, administration route and assay outcome) were one-hot
encoded.

3.2 Architecture

The models made in this project employ two main components: a Natural Language
Processing (NLP) transformer and Deep Neural Networks (DNNs). The rst type
of model which was built was the so-called single-DNN model is illustrated in Figure
3.4. Here, one ChemBERTa transformer is connected to one DNN associated with
a speci ¢ data set, such as acute toxicity.

Figure 3.4: A simpli ed overview of the single-DNN model. The model consists of
two parts: a ChemBERTa transformer and a Deep Neural Network (DNN). Here,
the transformer receives the SMILES strings (textual representation) of chemicals'
molecular structures as input and produces a numerical representation (CLS-token)
that is then fed to the DNN. Then, the DNN utilises the transformer output, along
with additional one-hot encoded metadata and measured lggconcentrations, to
predict log;o concentrations.

Figure 3.5 depicts an overview of the second type of model, the so-called multiple-
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DNN model, used in this project. Here, it can be seen that the ChemBERTa trans-
former instead is connected to several DNNs, each corresponding to their specic
data set. Moreover, these DNNs work independently of one another, with the trans-
former being ne-tuned through backpropagation with the combined loss, or error,
from each of these separate DNNs.

Figure 3.5: Structure of the second model used in the project. The ChemBERTa
transformer is identical to what has previously been described for the rst model,
and each of the three networks connected to this transformer also has the same
structure as the single models for each data set. Hence, the real di erence between
this model and the previous lies in the fact that the three data sets can in this case
be analysed simultaneously through their own respective Deep Neural Networks
(DNN). Moreover, these networks all work independently from one another, with
the total loss (used for training) being the sum of the losses from each network.

In the case of both the single- and multiple-DNN model, the metadata consists
of the categorical variables "species"”, "administration route”, and "endpoint" (also
called assay output), which has all been one-hot encoded, a CLS-token representa-
tion of a SMILES, and the 10th logarithm of the measured concentration for the
speci c assay. Moreover, the transformer used is a pre-trained ChemBERTa (see
Theory), which task is to transform the molecular structure of a chemical, repre-
sented as a SMILES, into numerical output, the CLS token. Before being fed to
the transformer, the SMILES are tokenised by a tokeniser provided by Hugging-
face [26]. The tokeniser used here has been pre-trained on SMILES, and is based on
Huggingface's Byte-Pair. Finally, in the DNN, the input is passed through several
hidden layers utilising ReLU activation functions, until it reaches a nal single linear
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output neuron, with the nal output being the logarithm of the concentration for
the desired toxicological outcome.

3.3 Training

In order to create the models used in the project, a pre-trained ChemBERTa trans-
former was downloaded from the Transformers library on Huggingface, whilst the
DNN was created using PyTorch v1.9.0 [27]. Moreover, to train the DNN, the L1 loss
function (or the Mean Absolute Error (MAE)), was used, together with the stochas-
tic gradient descent optimiser AdamW. A number of hyperparameter sweeps were
then used to set the DNN's learning rate, dropout probability, number of hidden
layers and number of hidden neurons. These hyperparameter sweeps were performed
using the so-called Bayesian hyperparameter search [28]. This optimisation method
utilises a Bayesian approach, in which, compared to grid searches where all possible
combinations of hyperparameter values are tested, the choice in parameter settings
for a speci c run is in uenced by information gained in previous runs (that is, which
settings that gave performance). Hence, the settings tested will be the ones which
have the highest probability of being good choices. In the case of Bayesian searches,
there is no obvious endpoint for the search (compared to a grid search which ends
when all combinations have been tested), and in this case, the decision was made to
end the search when around 400 runs had been performed. Moreover, all training
was performed on Alvis OnDemand using A100 GPUs and logged on the machine
learning platform Weights & Biases. Also, a linear warmup with 100 warmup steps,
during which the learning rate was linearly increased from a low level to the set level,
was implemented in each training session to reduce some early learning volatility [29].

Furthermore, in training the model, a 10-fold cross-validation method was employed,
and a sequential sampler was used for both the training and test sets. A weighted
random sampler was also considered for the training set due to some imbalance in
the data, such as in terms of species and assay outcome. However, the use of a
weighted random sampler did not signi cantly improve the model's performance,
and a sequential sampler was necessary when creating a model with multiple DNNs.
Therefore, the decision was made to use a sequential random sampler. Moreover,
for the multiple-DNN model, all three data sets' test and training sets were con-
catenated after each data sets individual test-train split (where each data set was
randomly split into 10 folds of equal size). As the acute toxicity data set is much
larger than the other two, special care was needed here to make sure that the smaller
sets were always represented in the training set. Speci cally, the carcinogenicity
and reproductive toxicity training sets were upsampled in such a way that they each
would constitute 25% of the total, concatenated training set (before upsampling).
This upsampling was performed by randomly drawing, with replacement, SMILES
from the training sets. After the two training sets had been upsampled, they were
concatenated with each other and the acute toxicity training set. Finally, the entire
training set, as well as the test set, were shu ed.
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3.3.1 K-Fold Cross-Validation

Figure 3.6 shows the k-fold cross-validation technique, which involves randomly
dividing the data set into k equal folds [30]. For the case of this project, the data
sets were split so that there was no SMILES overlap between the test and training
sets. After the split, one fold is used as the test set, and the other k-1 folds are used
for training. The model's nal performance is evaluated by predicting the test set,
resulting in a validation performance/loss for this fold. This process is repeated until
all folds have been used as the test set once, resulting in k validation performance
calculations. The number of folds used is typically 5-10, and in this project, 10 folds
were used. Moreover, to reduce the potential for bias introduced during the initial
data split and fold assignment, the k-fold cross-validation was repeated 10 times for
each test, and the nal model performance assessment was calculated as the average
of these performances.

Figure 3.6: lllustration of K-fold cross-validation.

3.3.2 Median Loss, Best Average Loss and LOSS  yEean

During training, it was important to avoid bias introduced by having the same chem-
ical appear multiple times in the test set. If a chemical appeared multiple times, it
would have a larger impact on the average loss than a chemical that only appeared
once. To address this issue, the concept of the best average loss was implemented.
To calculate the best average loss, the median loss for each unique chemical in the
validation set was calculated at each epoch. By taking the median for each unique
chemical, the output was less in uenced by certain chemicals appearing often in the
data. The mean was then taken of all the median values to achieve the total average
loss for the epoch, and the lowest total average loss achieved during the entire run
was considered the best average loss.

Moreover, the lack of reference for losses was a problem during the project. With-
out a reference, it was di cult to determine what constituted a low value for losses.
To address this issue, the concept of lggsan -value was implemented. This value
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represents the loss if the model were to predict the mean of the measured concen-
trations of the training set for all samples. If the model were to predict only this
mean value, it would be equivalent to making random guesses for all predictions,
indicating that the model has not learned anything from the input data.
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Results

This section aims to provide an overview of the project results. The rst part
presents the nal settings for the model architecture. The next section focuses on
the model's performance results, presented in the order of acute toxicity, carcino-
genicity, and reproductive toxicity. As two models were used, one with a single deep
neural network and one with all deep neural networks connected to a transformer,
a comparison of their performance is included in this section.

4.1 Architecture

To decide the project's model structures, hyperparameter sweeps were conducted,
which tested combinations of di erent parameter values of interest. Here, initially,
acute toxicity data were used to perform the hyperparameter sweeps in a single-DNN
model setting. Later, the process was repeated using carcinogenicity data, yielding
the same results as the rst case. Time constraints prevented additional hyperpa-
rameter sweeps for the expanded (multiple-DNN) model or reproductive toxicity
data, so the same parameter settings found in the initial sweeps were used for all
models in the project. Finally, or more information on the methods used, please
refer to the Methods section.

The table listed as Table 4.1 shows the parameters and values that were tested
in the hyperparameter sweeps. Here, the number of hidden layers in the model was
determined by testing for one, two, and three layers, and the case that resulted in
the best outcome (three hidden layers) was chosen. Some parameters were tested
using ranges of values, which was possible due to the Bayesian approach used in the
sweeps (see Theory for more details). This allowed for the testing of combinations
of parameters until a stopping point was reached (around 400 combinations tested
for each sweep).

Table 4.1: Parameter Sweep Con guration Summary

Parameter Tested Values | Chosen Values
Learning Rate 1*10 2 - 2*10 °® 1*10 °
Dropout 0.2,0.3 0.3
Hidden Layers Size 1 100-900 300
Hidden Layers Size 2 100-900 500
Hidden Layers Size 3 100-900 700
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Instead of using hyperparameter sweeps, the batch size and epoch number param-
eters were determined based on previous knowledge and trial and error. Here, the
epoch number was increased up to 80 since the loss continued to decrease until that
point, while the batch size was set to 256, a commonly used value that provided good
performance. Freezing some encoder layers of the transformer was also tested but
didn't improve performance. To prevent early over tting and hasten convergence, a
warm-up period of 100 steps, selected through trial and error, was added through a
linear scheduler (see Methods). Finally, the nal parameter con gurations used for
all models in the project are available in Table 4.2.

Table 4.2: Final Parameter Settings

Parameter Values

Learning Rate 1*10 °
Batch Size 256
Number of Epochs 80
Dropout 0.3
Hidden Layers Size 1 300
Hidden Layers Size 2 500
Hidden Layers Size 3 700

4.2 Model Performance: 10-Fold Cross-Validation

Presented in this section are the results of the 10-fold cross-validations used to
evaluate the model's performance in both single- and multiple-DNN forms. As
mentioned in Methods, the cross-validations were repeated 10 times, and each split
was associated with a unique random seed to reduce uncertainty. Subsequently,
the tables and gures presented show the fold average over the 10 runs for each
fold, and the values shown represent the nal losses achieved at the end of a run
after 80 epochs of training. The upcoming subsections provide a detailed analysis
of the model's performance on and results for eadh vivo data set separately,
starting with acute toxicity, followed by carcinogenicity and reproductive toxicity.
Moreover, the analysis will also compare the outputs of both single- and multiple-
DNN models for each case. Here, the acute toxicity data set will be subjected to a
more comprehensive analysis, while for the other two data sets, a detailed analysis
will not be performed due to time and length constraints, assuming similar e ects
to those a ecting acute toxicity data to a ect their results (however, see Appendix

1 for some of the results related to the latter two data sets).

Table 4.3 lists the total fold average of the median, best average, and lgssn  (see
Methods) for each of the data sets acute toxicity, carcinogenicity, and reproductive
toxicity. Here, the results are shown separately for the single- and multiple-DNN
models. It can be seen that the best average loss is consistently lower than the
median loss, and the acute toxicity data set performs better overall than the other
two data sets. Furthermore, the multiple-DNN model performs worse than the
single-DNN model in all cases.

22



4. Results

Table 4.3: Loss Comparison Between Analysed Data Sets in Single Model

Fold Average Measurement| Acute toxicity Carcinogenicity | Reprotoxicity
Median Loss Single 0.273 0.543 0.688
Median Loss Multi 0.308 0.610 0.763

Best Average Loss Single 0.238 0.455 0.60

Best Average Loss Multi 0.260 0.513 0.627
Lossuean Single 0.783 0.955 1.076
Lossuean Multi 0.783 0.955 1.0882

4.3 Acute Toxicity Data Set
4.3.1 Model Performance

Figure 4.1 shows the training loss curve (in Lagimg/kg bw] concentration) average
for each of the 10 folds in the 10-fold cross-validation of the acute toxicity data set,
plotted against the step count of the AdamW optimizer, for a) the single- and b)
the multiple-DNN model. For both a) and b), a continuous decrease in loss is ob-
served throughout each run, corresponding to the model learning. Overall, the two
curves look similar, though the loss might be slightly higher for the multiple-DNN
model. Potentially, in both cases, the loss is still decreasing at the end of each run,
indicating that there is still more to learn in the training data at this point. The
gure also indicates that there are some signi cant di erences in output within the
folds (seen by the large error margins), but that the averages are almost the same
for all 10 cases. At the end of each fold's run, the lowest average training loss is
achieved at about 0.3 in both a) and b).
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a) Training loss average for each fold in 10-fold cross-validation for acute toxicity
data in single-DNN model.

b) Training loss average for each fold in 10-fold cross-validation for acute toxicity
data in multiple-DNN model.

Figure 4.1: Training loss average for a) single- and b) multiple-DNN models when
analysing the acute toxicity data set.

In Figure 4.2, the median, in blue, and best average loss average, in yellow, for
each fold (achieved at the end of each run) have been plotted together in a bar
plot with the average losgean , In green, reference value for each of the 10-folds.
Moreover, the results from both the single- and multiple-DNN model have been
plotted together in such a way that the leftmost bar for each loss-value corresponds
to the single-DNN model, whilst the rightmost bar corresponds to the multiple-DNN
model. Here, it can be seen that the average values do not change much between
folds, with the Lossyean Staying around 0.8 in both cases. Moreover, the median
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and best average losses are much lower than the reference\lgss Vvalue, being
at around 0.3 and 0.25 respectively for both the single- and multiple-DNN case,
indicating that the model is successfully nding patterns in the data. Notably, the
best average loss values are lower than the median loss values for each fold.

Figure 4.2: Validation best average loss, yellow, median loss, blue, and lgssy ,
green, average over 10 folds for the acute toxicity data set, with values of single-DNN
model to the left in each case, and multiple-DNN model to the right.

4.3.2 Model Results

lllustration a) in Figure 4.3 shows the residuals from the 10-fold (repeated 10 times)
cross-validation of the acute toxicity data set, whilst illustration b) instead depicts
the predicted concentrations plotted against the measured concentrations found in
the data, all in Log;o[mg/kg bw]. In both cases, the values correspond to the
median result for each SMILES in the data set, and in the second image, the red
line corresponds to a linear t to the data, whilst the black line is the perfect one-to-
one t. Moreover, the leftmost image in both cases corresponds to the single-DNN
model, whilst the rightmost corresponds to the multiple-DNN model. For both the
single- and multiple-DNN model, the residual plot, a), shows that most residuals
lie relatively close to O, except for a few notable chemicals with signi cantly larger
residuals than the rest. Here, the result is strikingly similar between the two models,
indicating that the models operate in much the same manner. For b), it can be seen
that both models have a tendency to be too lenient on very low concentrations,
predicting much higher concentrations for these cases than the measured data.
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a) Median validation residuals in Logg[mg/kg bw] for each SMILES.

b) Median validation predicted versus measured concentrations in Le§mg/kg bw]
for each SMILES.

Figure 4.3: Median validation residuals and predictions versus measured concen-
trations for each SMILES in 10-fold cross-validation for acute toxicity data, with
the left image corresponding to the single- and the right to the multiple-DNN model
in both cases.

Table 4.4 contains the top ve worst-performing chemicals in the acute toxicity data
set, with their frequency of occurrence, mean concentration, predicted concentration,
and absolute error in logg scale. Here, the upper part of the table represents the
results obtained from the single-DNN model, while the lower part represents those
from the multiple-DNN model, with the same ve chemicals appearing in both
cases, albeit in a di erent order. The chemical names were identi ed by searching
the corresponding SMILES on the PubChem database [31]. The table shows that
the measured concentrations for these chemicals were much lower than the average,
which may indicate that small doses of these chemicals were su cient to produce the
desired e ect. However, the predicted concentrations for all these chemicals were
much higher than the actual measured values, resulting in high absolute errors.
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Table 4.4: Top Five Chemicals With Largest Median Residuals in Acute Toxicity
Data Set

Single-DNN Model

Name Measured Conc.| Predicted Conc. | Absolute Error
rizatriptan -8.00 1.59 9.59
JWH-015 -5.69 2.29 7.60

14-Methoxymetopon -7.74 -0.36 6.59
SA4503 -4.64 1.97 6.57
Beta-Carotene -5.30 0.997 6.30

| Multiple-DNN Model |

Name Measured Conc.| Predicted Conc. | Absolute Error
rizatriptan -8.00 2.14 10.14
JWH-015 -5.69 2.47 7.85

Beta-Carotene -5.30 1.75 7.05
SA4503 -4.64 2.23 6.85
14-Methoxymetopon -7.74 -0.21 6.45

A corresponding table to the one above for the top ve best-performing chemicals in
the acute toxicity data set can be viewed in Table 4.5. In this table, notably, none of
the chemicals except for carbon dioxide has common names and has therefore been
addressed mostly by their CAS numbers. As in the previous table, the upper part
of the table represents the results obtained from the single-DNN model, while the
lower part represents those from the multiple-DNN model. Also notable, compared
to the previous table, is that here all measured concentrations are much higher, and
the same chemicals do not occur in the single- and multiple-DNN models.

Table 4.5: Top Five Chemicals With Smallest Median Residuals in Acute Toxicity
Data Set

Single-DNN Model
Name Measured Conc. | Predicted Conc. | Absolute Error
103687-05-4 2.83 2.83 0.010
52582-90-8 2.18 2.18 0.011
15913-41-4 2.40 2.39 0.012
115091-87-7 2.39 2.38 0.014
73927-34-1 2.88 2.88 0.014
Multiple-DNN Model
Name Measured Conc.| Predicted Conc. | Absolute Error
88770-63-2 1.34 1.34 0.009
52994-61-3 2.30 2.30 0.012
197039 0.67 0.66 0.014
23905-05-7 2.90 2.89 0.016
Carbonic Acid 2.18 2.17 0.016

In Figure 4.4, all predictions in the entire 10-fold cross-validation (repeated 10 times)
for a) the top ve worst- and b) the top ve best-performing chemicals have been
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plotted against their measured concentrations in the data, as well as coloured accord-
ing to which chemical the points belong, with the left plot in the gure corresponding

to the single- and the right to the multiple-DNN model. For the worst-performing
chemicals, in a), it is possible to see that there are large within-chemical-variation
of the predictions, as well as between the di erent measured concentrations (which
are all relatively low). Moreover, only 14-Methoxymetopon, SA4503 and JWH-015
have been measured more than once, with measured concentrations showing a large
variation in value. On the contrary, the best-performing chemicals, in b), only occur
once in the data set, and all have measured concentrations ranging between 0.5 to
3 Logip[mg/kg bw].

a) Measured vs predicted Log[mg/kg bw] concentrations for top ve worst per-
forming chemicals.

b) Measured vs predicted log(concentrations) for top ve best performing chemi-
cals.

Figure 4.4: Measured vs predicted Log[mg/kg bw] concentrations for a) the top
ve worst- and b) the top 5 best-performing chemicals, with the left plot correspond-
ing to the single- and the right to the multiple-DNN model.

Finally, a Principle Component Analysis (PCA) was also performed on the CLS
tokens (corresponding to unique SMILES) in the validation set data. Figure 4.5
showcases the rst two components plotted against each other from a PCA done on
one fold of the validation data, with the left plot in the gure corresponding to the
single- and the right to the multiple-DNN model. In the case of both models, the rst
component (corresponding to the x-axis) has captured around 23% of the variation
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in the data, whilst the second component (corresponding to the y-axis) has captured
around 15% for the single- and around 13% of the variation in the multiple-DNN
model. The PCA plots have been coloured by the median measured concentration
for each SMILES. For both models, the measured concentration seems to vary along
a gradient which largely corresponds to the separation captured by mostly the rst
but also partly the second PCA component. Here, it can be observed that SMILES
associated with higher measured concentrations (indicated by yellow) lie further to
the left in the plots, whilst SMILES associated with lower concentrations, in light
blue/purple, instead lie further up and to the right of the plots.

Figure 4.5: Principle component analysis of CLS tokens from one fold in 10-fold
cross-validation of acute toxicity data set, with the left plot corresponding to the
single- and the right to the multiple-DNN model.

4.4 Carcinogenicity Data Set
4.4.1 Model Performance

In Figure 4.6, similarly to that of Figure 4.1 above, the average training loss (in
logip concentration) for each fold in the carcinogenicity data set has been plotted
against the steps taken by the optimiser, with a) corresponding to the single- and
b) to the multiple-DNN model. As in the case of acute toxicity, it seems that the
fold average losses lie close to each other for both models, whilst the large shadowed
areas indicate that there are some signi cant di erences in output within the folds
themselves. However, in this case, the second model seems to show more variation
between folds, with some average fold losses even increasing before decreasing with
the rest. Also, as observed for the acute toxicity case, it seems that the average
losses, which reach an overall minimum of around 0.3-0.4 for both models, are still
decreasing slightly at the end of the runs, indicating that there is still more to learn

in the data.
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a) Training loss average for each fold in 10-fold cross-validation for carcinogenicity
data in single-DNN model.

b) Training loss average for each fold in 10-fold cross-validation for acute toxicity
data in multiple-DNN model.

Figure 4.6: Training loss average for a) single- and b) multiple-DNN models when
analysing the carcinogenicity data set.

Like in Figure 4.2 for acute toxicity, Figure 4.7 below depicts a bar plot of the
average median loss, in blue, and best average loss, in yellow, plotted together with
the average reference logsan , In green, and their respective standard deviations,
for each fold in the carcinogenicity data. Here, the leftmost bar for each value
corresponds to the single- and the rightmost to the multiple-DNN model. Compared
to the acute toxicity data set, there here seems to be slightly more variation in output
between the di erent folds for both models. As in the case of acute toxicity, however,
the best average loss for each fold is in all cases lower than the median loss.
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Figure 4.7: Validation best average loss, yellow, median loss, blue, and lgssy ,
green, average with standard deviation over 10 folds for the carcinogenicity data set,
with values of single-DNN model to the left in each case, and multiple-DNN model
to the right.

4.4.2 Model Results

Figure 4.8 shows a) the residuals and b) the predictions plotted against measured
concentration, in both cases taken as the median for each SMILES and in {9g
concentration, of the single-DNN model, to the left, and the multiple, to the right.
As in the case of the acute toxicity data set, it can be seen in a) that most residuals lie
relatively close to 0, with some chemicals performing much worse than the rest. On
the other hand, unlike the acute toxicity case, b) indicates that the carcinogenicity
case has a less obvious tendency to predict high concentrations for chemicals with
the lowest measured concentrations. However, there are still cases where the model
has predicted much lower or higher concentrations than the measured values. In
both a) and b), it can be seen that the single- and multiple-DNN models seem to
perform very similarly.
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a) Median validation residuals in Logg[mg/kg bw] for each SMILES.

b) Median validation predicted versus measured concentrations in Le§mg/kg bw]
for each SMILES.

Figure 4.8: Median validation residuals and predictions versus measured concen-
trations for each SMILES in 10-fold cross-validation for carcinogenicity data, with
the left image corresponding to the single- and the right to the multiple-DNN model
in both cases.

4.5 Reprotoxicity Data Set
45.1 Model Performance

The reproductive toxicity data set was analysed similarly to the previous two data
sets, with the average training loss for the data set plotted against the Adamw
optimiser step count in Figure 4.9 for a) the single- and b) the multiple-DNN model.
Here, as for the other two data sets, the average fold training loss for all folds was
similar, but with some large within-fold variations in the data, as indicated by the
shaded areas. Unlike for the other two data sets, here the training loss did not show
a signi cant decrease at the end of the runs, indicating that the training might have
been more complete in this case. In the gure, it can be seen that the nal average
training losses for this data set were around 0.2-0.3 for a) and around 0.4 for b).
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a) Average training loss over each fold in the single-DNN model.

b) Average training loss over each fold in the multiple-DNN model.

Figure 4.9: Average training loss over each fold in 10-fold cross-validation far
vivo reproductive toxicity data in a) the single- and b) the multiple-DNN model.

Exactly as was included for the previous two data sets, Figure 4.10 depicts the fold
average median loss, in blue, and best average loss, in yellow, plotted together with
the average reference logsan , IN green, and respective standard deviation for each
fold in the carcinogenicity data. As for the previous data sets, the leftmost bar for
each value corresponds to the single- and the rightmost to the multiple-DNN model.
Moreover, as noted for the carcinogenicity data above, even though the fold averages
have similar values, there is more variation between the fold averages than in the
acute toxicity data set. Also, as pointed out in the acute toxicity and carcinogenicity
cases, the best average (average) value for each fold is much lower than the median
loss.
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4. Results

Figure 4.10: Validation best average loss, yellow, median loss, blue, and lgssy ,
green, average with standard deviation over 10 folds for the reproductive toxicity
data set, with values of single-DNN model to the left in each case, and multiple-
DNN model to the right.

45.2 Model Results

For the reproductive toxicity data set, Figure 4.11 gives an overview of model perfor-
mance, with a) the residuals and b) the predictions against measured concentrations,
calculated as medians for each SMILES and in lggconcentration, for the single-
DNN model, to the left, and the multiple, to the right. As for the previous two data
sets, a) shows that a handful of chemicals in the data set have much higher residuals
than the rest, with the results for the single- and multiple-DNN models looking very
similar. Moreover, as in the case in the acute toxicity model (and to some degree in
the carcinogenicity case), b) indicates that both of the models have a tendency to
be too lenient on chemicals associated with very low measured doses, as indicated
by the large number of chemicals lying far to the left in the plots. In b), it can also
be seen that the multiple-DNN model seems to predict slightly higher values than
the single.
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