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ABSTRACT

The problem of predicting the toxicity of chemical compounds is among the most
important problems in the field of drug discovery. Most conventional approaches to
modeling the relationship between the chemical structures of compounds and their
toxicities encode the structures of those chemicals as vectors of features, thereby
discarding information about the relationship between the chemicals and their structures
during the encoding process. As a result, the models trained using such encodings tend to

have limited predictive power when applied to diverse libraries of chemical compounds.

In this work, DeepToxiGraph is introduced as a deep learning framework for the
task of toxicity prediction that uses several different graph neural network architectures
to encode chemical compounds and predict their toxicity. Through a series of ablation
studies, each of which eliminates a certain feature of the models, the relative importance
of various features of graph neural networks is studied. Based on these studies, a novel
hybrid model that combines graph, fingerprint, and descriptor representations is proposed.
The hybrid model achieves an R? of 0.6307 and an RMSE of 0.4161 on the mouse
intraperitoneal LDso test set. This entire framework is compiled into a web site that allows
chemistry scientists to predict the toxicity of chemical compounds by simply inputting

their SMILES notations, without the need to learn any programming language or skills.

Key words
Molecular toxicity prediction, QSTR, Graph Neural Network, GNN, GraphSAGE, Graph
Transformer, Deep learning, Hybrid model, LDso.



RESUME

La prédiction de la toxicité des composés chimiques figure parmi les problémes
les plus importants en pharmacologie. La plupart des approches conventionnelles de
modélisation de la relation entre la structure chimique des composés et leur toxicité
encodent ces structures sous forme de vecteurs de caractéristiques, perdant ainsi des
informations sur la relation entre les composés et leurs structures lors de I'encodage. De
ce fait, les modeles entrainés avec de tels encodages présentent généralement un pouvoir

prédictif limité lorsqu'ils sont appliqués a diverses bibliothéques de composés chimiques.

Dans ce travail, DeepToxiGraph est introduit comme un cadre d'apprentissage
profond pour la prédiction de la toxicité. Il utilise différentes architectures de réseaux
neuronaux graphiques pour encoder les composés chimiques et prédire leur toxicité.
Grace a une série d'études d'ablation, ¢liminant chacune une caractéristique spécifique
des modeéles, l'importance relative des différentes caractéristiques des réseaux neuronaux
graphiques est étudiée. Sur la base de ces études, un nouveau modéle hybride combinant
représentations par graphe, empreinte digitale et descripteur est proposé. Le modele
hybride atteint un coefficient de détermination (R?) de 0,6307 et une erreur quadratique
moyenne (RMSE) de 0,4161 sur l'ensemble de données de test de DLso par voie
intrapériton€ale chez la souris. L'ensemble de ce systeme est intégré a un site web
permettant aux chimistes de prédire la toxicité de composés chimiques en saisissant

simplement leurs notations SMILES, sans aucune connaissance en programmation.
Mots Clés

Prédiction de toxicité moléculaire, QSTR, Réseau de neurones graphiques, GNN,

GraphSAGE, Graph Transformer, Apprentissage profond, Modele hybride, LDso.
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Glossary

Atom
The smallest unit of a chemical element that retains the properties of that element

composed of a nucleus surrounded by electrons.

Chemical Database
A structured repository specifically designed to store chemical compound data,

including molecular structures, properties, and biological activities.

Graph
A mathematical structure G = (V, E) composed of a set of vertices V and a set of

edges E, used to represent entities and their pairwise relationships.

LDso
The lethal dose at which 50% of a test population is expected to die; one of the

most widely used acute toxicity endpoints in pharmaceutical research.

Message Passing
The computational process in GNNs by which each node aggregates information

from its neighboring nodes across successive layers of the network.

Molecule
The smallest structural unit of a substance that retains the chemical properties of

that substance composed of one or more atoms linked by chemical bonds.

Molecular Descriptor
A numerical value derived from the chemical structure of a molecule, used to

characterize its properties for computational modeling.

Molecular Fingerprint
A binary or numerical vector encoding the presence or absence of specific

structural substructures within a molecule.

Node Embedding
A learned vector representation of a node in a graph that encodes both its own

features and the structural context of its neighborhood.



Readout Function
A pooling operation that aggregates the individual node embeddings of a

molecular graph into a single fixed-size vector representing the whole molecule.

SMILES
A line notation for encoding the structure of a chemical molecule as a string of

ASCII characters, used as a standard exchange format in chemical databases.

Similarity Coefficient
A measure used to quantify the degree of structural resemblance between two

molecular structures, commonly the Tanimoto coefficient.

QSTR Model
A mathematical model that correlates the structural features of a molecule with its

measured toxicity, used to predict the toxicity of novel compounds.

Coefficient of Determination (R?)

A statistical measure that expresses the proportion of the variance in the observed
values that is explained by a model’s predictions. It ranges from —co to 1, where 1 indicates
perfect prediction and 0 indicates a model that performs no better than predicting the mean

of the data. In this work, R? is the primary criterion used to select the final model.

Root Mean Squared Error (RMSE)

The square root of the average of the squared differences between the predicted
and the true values. Expressed in the same units as the target variable, it is directly
interpretable and penalizes large prediction errors more heavily than small ones; lower

values indicate better predictive performance.

Pearson’s r

The Pearson correlation coefficient, a measure of the linear correlation between
the predicted and the true values. It ranges from —1 to 1, where 1 denotes a perfect positive
linear relationship, 0 denotes no linear relationship, and —1 denotes a perfect negative

relationship. It indicates how well a model ranks compounds from least to most toxic.
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GENERAL INTRODUCTION

General Introduction

Every year, the pharmaceutical industry synthesizes hundreds of thousands of new
chemical compounds in the quest to produce new medicines that are both safer and more
effective than existing drugs. Behind each of these synthesized chemicals is a question
that cannot be avoided: is it toxic, and to what degree? The answer to this question requires
the performance of toxicological studies on laboratory animals, raising both ethical and
financial concerns. As the number of possible chemical compounds that can be
synthesized reaches into the billions of chemicals each year, a growing gap exists between
the development of those chemicals and the capacity of the pharmaceutical industry and

its regulators to test for toxicity.

One way of overcoming this challenge is through the use of computational models
to predict the potential toxicity of each chemical compound that is synthesized. Such
models are referred to as Quantitative Structure-Toxicity Relationship (QSTR) models,
and have been developed and utilized for decades within the pharmaceutical and chemical
regulatory industries around the world. Often, these models use the language of graph
theory to represent the chemical compounds that are to be evaluated for potential toxicity.
Such representations utilize the chemical atoms within the compound as the nodes of a
graph, and the chemical bonds between those atoms as the edges of the graph. Graph
Neural Networks (GNNs) are deep learning models that are able to understand the

structures of those graphs, allowing their use within toxicity prediction models.

It is this convergence of fields within the pharmaceutical, information, and
chemical sciences that motivates the development of DeepToxiGraph. Most existing
models for predicting the toxicity of chemical compounds have relied upon the use of a
fixed representation of the chemical compound. GNNs eliminate the need for such a fixed
pre-computed representation, since they learn the molecular representation directly from
the graph structure, leading to the question of whether such models can outperform

existing methods on a large and chemically-diverse dataset of toxicity measurements.

In this thesis, we develop DeepToxiGraph, a deep learning framework designed
to answer that question. Our work systematically evaluates several GNN architectures for
their ability to accurately predict the LDso [10], [11] of chemical compounds introduced
into the peritoneal cavity of mice, identifies which architecture performs best on this task,

and then proposes a novel hybrid model that combines the strengths of graph, fingerprint,
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and descriptor representations into a single predictive framework. The entire framework
is deployed as a user-friendly web site that we built to make toxicity prediction accessible

to researchers without any programming experience.

This thesis is comprised of four main chapters. Chapter One presents an overview
of the problem that was evaluated, the motivation behind the development of
DeepToxiGraph, and the objectives to be met through this framework. Chapter Two
presents the theoretical foundations of DeepToxiGraph, including discussions of the
representations of chemicals, graph theory, deep learning, and GNNs. Chapter Three
presents the experimental methodology that was employed to develop and evaluate the
model. Chapter Four presents an overview of the DeepToxiGraph implementation, the
results of each of the experiments that were performed with DeepToxiGraph, and a

discussion of those results.
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Introduction

This chapter introduces the topic addressed in this thesis and establishes the
context, motivation, and objectives of the DeepToxiGraph framework. New chemical
compounds are discovered every year, but their potential toxicities remain unresolved.
Testing chemicals in the laboratory is no longer a sustainable method of determining their
toxicities, given the vast chemical space that can be synthesized and the cost and ethical
concerns of laboratory testing. With the growth of information technology, computational
methods for predicting the toxicity of chemicals have become of increasing interest to
researchers. One such method is Quantitative Structure-Toxicity Relationship (QSTR)
modeling [10], [12], which uses the chemical structure of a compound to predict its
toxicity, avoiding the need to test the chemical in the laboratory. As a result, computational
methods such as QSTR modeling have become an established part of the chemical

research field.

Despite their popularity, most QSTR models have remained the same for decades.
Chemical structures are represented as lengthy vectors of chemical descriptors or
fingerprints [13], [14], after which various regression or machine learning models are
trained to learn the relationship between the chemical structure and toxicity. The
limitation of this representation and modeling approach is that the relational information
regarding the atoms within a chemical compound is lost during the creation of the
chemical representation. The model cannot understand the relationship between the atoms

of a compound and its toxicity.

Graph Neural Networks (GNNs) offer a way of overcoming this limitation of
QSTR modeling. Chemical compounds can be represented as graphs of molecules, with
the atoms within the molecule represented as nodes and the bonds between those atoms
represented as edges. GNNs use message passing between these nodes to learn about the
chemical structure of the molecule and create a representation of that molecule [6]. These
representations have led to advances in the prediction of various chemical properties, but

the use of GNNs for the prediction of chemical toxicity is underexplored.

DeepToxiGraph is a deep learning framework that aims to fill this gap in the
chemical research field. It compares five different GNN architectures for the task of LDso
prediction [10], [11], determines which one performs best, and then creates a new, hybrid

architecture that combines the best GNN architecture with chemical fingerprints and
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descriptors. This new model is then deployed as a web application that allows any
chemical researcher to determine the toxicity of a chemical compound from its SMILES

string without writing a single line of code.

The remainder of this chapter is organized as follows. Section 1.2 gives an
overview of the DeepToxiGraph framework and its experimental stages. Section 1.3
presents the background of the problem and the evolution of computational toxicity
prediction. Section 1.4 states the research problem and the gaps in the existing literature
that motivate this work. Section 1.5 defines the objectives of the study, and Section 1.6
specifies its scope and limitations. Section 1.7 outlines the structure of the thesis, and

Section 1.8 summarizes the chapter.
2 Overview

DeepToxiGraph consists of six experimental stages that are connected to each
other, where the completion of one stage enables the start of the next. Each of the stages
addresses a specific design question. The first stage determines how the atomic
embeddings should be read out into a single molecular embedding. Once this part of the
system is established, the second stage compares four different GNN architectures on the

same dataset.

The two best-performing architectures from the second stage are analyzed in the
third and fourth stages to find the best architecture for which to apply batch normalization
to create a regularized standalone GNN. In the fifth stage, a separate branch of the
DeepToxiGraph model is trained using nine different fingerprint types represented as 2D
images. Finally, a third branch of the model is trained using 208 physicochemical
descriptors for the standalone MLP baseline, and 208 for the hybrid model. The three

branches are combined in the final stage to create a hybrid DeepToxiGraph model.
3 Background of the Problem

The connection between the molecular structure and biological effect has been
studied systematically since the 1960s. The idea that molecules with similar structures
tend to have similar biological effects is the founding principle of a field that today
encompasses cheminformatics, computational chemistry, and machine learning

approaches to understanding the effects of molecular structure [13], [15].
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The earliest attempts to create quantitative structure-activity relationship (QSTR)
models [16] utilized linear methods to analyze small sets of molecules. Non-linear
methods were later introduced as means of improving the performance of the models,
but still required the consideration of various pre-computed features of the molecules.
Regardless of the machine learning models that are applied to a dataset of molecules, the
model will be no more informative than the features of the molecules that are considered

in its construction [10], [17].

Deep learning approaches to modeling biological effects utilized various neural
network models trained on sets of pre-computed structural features of the molecules
(often based on extended-connectivity fingerprints [14]) [18]. The use of machine
learning approaches like multi-task learning improved some of the deep learning
approaches. However, in each of these deep learning models, the structure of the
molecule was still fed into the model as a pre-computed vector of features, and the
information encoded into that vector was dependent upon the chosen fingerprinting

algorithm alone.

Deep learning models based on graphs (GNNs) allow the molecule to be fed into
the model as a graph, and for the model to learn its own representation of that molecule
and its features. The message passing algorithm between the nodes of the molecule graph
allows the model to effectively learn what features of the graph are associated with the
various biological effect labels associated with each molecule [6]. Thus, the features
learned by the model from the example molecules and their biological effect labels are
not only more interpretable, but may also be more flexible than the features learned by

considering pre-computed molecular representations.
4 Problem Statement

Two gaps in the existing literature motivate this work. The first gap is the lack of
studies that have comparatively evaluated the performance of different GNN architectures
for the task of predicting molecular toxicity. While there are a variety of GNN models
that have been applied to the task of predicting other molecular properties [19], [20], [21],
[22], [23], few have evaluated different architectures for the task of toxicity prediction

alone.

The second gap in the literature is with respect to the type of molecular

representations that have been used within the different models. Each of the classes of
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models (graph-based, fingerprint-based, and descriptor-based) encodes different aspects
of the molecules’ structures [13], and there is no theoretical reason why any one of those
representations is expected to capture all of the aspects of those molecules that are relevant
to the toxicity of those molecules. Each of these model types makes such a commitment
to a single type of representation, but publishes their results without evaluating the gain
(or loss) of incorporating such a restriction on the types of representations from which the
models are built. The question of whether incorporating all three types of representations
into a single modeling framework yields any improvement in accuracy over the best-

performing individual approach for the LDso endpoint is an open question.
5 Research Objectives

The work presented in this thesis pursues five objectives:

e To benchmark five different GNN architectures (GCN [24], GAT [25], GIN [26],
GraphSAGE [27], and Graph Transformer [8]) on the LDso dataset while controlling

for all variables except for the neural network architecture.

e To conduct ablation studies that determine the impact of different graph-level
components (readout, depth, batch normalization) to arrive at the validated best

architecture.

e To evaluate the performance of two alternative model architectures based on

molecular descriptors (2D CNN and MLP).

e To develop and evaluate the DeepToxiGraph model that integrates the graph,
fingerprint, and descriptor models into a single model to determine the benefit of
integrating these different representations of the molecules into the model in

comparison to each of them individually.

e To develop a web application based on the DeepToxiGraph model that enables non-

programmer end users to input molecular structures and obtain toxicity predictions

6 Scope of the Research

All experiments are performed on one endpoint: the intraperitoneal LDso in
mouse models from the TOXRIC database [11] containing 35,299 compounds. This

endpoint was chosen due to its extensive use in pharmaceutical toxicity studies and its
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availability in a public database. Other endpoints, such as hepatotoxicity, mutagenicity,

or chronic toxicity, are outside the scope of this study.

The GNN evaluation covers five architectures. The fingerprint branch evaluates
nine fingerprint types computed with the RDKit [28], and the descriptor branch uses 208
RDK:it physicochemical descriptors [28], [ 1] for the standalone MLP baseline and 208 for
the hybrid model. All models share the same random split of the dataset into 70 percent
training and 30 percent test, with a fixed random seed of 42, and are evaluated using three

metrics: R2, RMSE, and Pearson r.
Thesis Outline

The remainder of this thesis is structured as follows.

Chapter One provides the general introduction to this thesis and outlines the
overall context of the research. It presents the problem statement, defines the main
objectives of the study, and discusses the scope and limitations of the work. In addition,
it offers a structured overview of the thesis and concludes with a brief summary of the

chapter.

Chapter Two builds the theoretical foundations of DeepToxiGraph. This chapter
reviews the history of computational drug design, the four representations of molecules
that are utilized in this thesis, the mathematics of graph theory and how it relates to
molecules, the history of approaches to predicting the toxicity of drugs, and the neural
network architectures that are employed in the experiments detailed in the following

chapters.

Chapter Three details the experiment that was performed as part of this thesis.
More specifically, Chapter Three describes the preparation of the dataset to be utilized in
the experiment, the construction of molecular graphs from the SMILES notations of the

molecules, and the descriptions of the six stages of the experiments performed.

Chapter Four describes the implementation and results of each of the six stages of
the experiment, accompanied by tables and figures that illustrate the results of each stage.
It also presents the web application developed to deploy the DeepToxiGraph model,
enabling researchers to obtain LDso predictions directly from a SMILES string without

writing any code.
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Finally, the Conclusion is the final chapter, which discusses and concludes this work,
highlights the contribution and results of our work, and provides suggestions and

recommendations for future research.

8 Summary

This chapter has established the context and direction of the DeepToxiGraph
project. Beginning from the practical impossibility of experimentally characterizing every
synthesizable compound, we traced the evolution of computational toxicity prediction and
identified the representational limitation that constrains most existing QSTR methods: the

loss of relational molecular structure at the encoding step.

Graph neural networks address this limitation directly, and DeepToxiGraph was
motivated by the absence of a systematic, controlled study that evaluates GNN
architectures specifically for LDso prediction and that asks whether combining graph,
fingerprint, and descriptor representations within a single model produces better
predictions than any one of them alone. Five concrete objectives were stated, a precise
scope was defined, and the structure of the remaining chapters was laid out. The
theoretical tools needed to follow the experimental work are developed in Chapter Two,
which covers the mathematical and conceptual foundations of every method applied in

Chapters Three and Four.
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1 Introduction

This chapter presents the theoretical background required to understand the
DeepToxiGraph framework for predicting molecular acute toxicity. We begin with the
pharmaceutical context of drug design and computer-aided drug design, then describe the
molecular representations used in this work: SMILES, molecular fingerprints,
physicochemical descriptors, and molecular graphs, followed by the basic concepts and
matrix-based formalisms of graph theory adjacency, degree, Laplacian, and incidence
matrices that form the mathematical foundation of the GNN architectures. The toxicity
prediction problem is introduced next, followed by a review of how computational
methods have evolved from classical QSAR models, through multi-task deep neural
networks, to graph neural networks. The mathematical foundations of machine learning,
deep learning (convolutional neural networks, GNN architectures, and attention
mechanisms), regularization techniques (batch normalization and dropout), and readout

functions are then presented.

2 Drug Design

Drug design is a new field that is based on computing, and it is a process
aimed at discovering new compounds and improving them so they can show specific
biological activities. This process is based on the idea that molecules with similar
structures tend to have similar properties and biological effects and activities. Based
on this, the biological activity of a new compound can be predicted by comparing it
to a database of known compounds that already have specific biological activities

[29].
2.1 Computer-Aided Drug Design

Computer-aided drug design is the application of computational methods to
the discovery and optimization of potential drug candidates [30]. Through the use of
in silico methods to screen potential compounds for their biological activity,
researchers are able to identify the most promising candidates for synthesis and
testing in the laboratory, thus reducing the cost and time necessary to discover new
drugs. CADD methods fall into two broad categories depending on whether the 3D

structure of the biological target is known: structure-based and ligand-based [30].

11
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2.1.1 Structure-Based Computer-Aided Drug Design (SB-CADD)

Structure-based computer-aided drug design is based on the 3D structure of the
biological target [30]. The theory is that a protein will react biologically if a tiny molecule
can fit into its binding site and interact with the protein molecule. Similar biological
reactions will result from small molecules fitting into the same protein site in the same
manner. This characteristic may be used to find tiny compounds with the appropriate

biological activity [30].
2.1.2 Ligand-Based Computer-Aided Drug Design (LB-CADD)

Ligand-based computer-aided drug design is used if the three-dimensional
structure of the target protein is not available. Instead of focusing on the target protein,
LB-CADD considers a set of compounds that are known to bind to the target protein.
The features that are shared by these active compounds are considered to create a model
that indicates the features that are necessary to create active compounds. New

compounds can be created or ranked based on how well they have these features [30].

3 Molecular Representation

For any computational model to process a molecule, the molecule must first be
converted into a numerical format. This conversion step, known as molecular
representation, has a decisive influence on the quality of the downstream models [13],

[31]. Four main representations are employed in this work.

3.1 SMILES

The SMILES (Simplified Molecular Data Input System) encodes the molecule as
a linear string of characters.[31] Each atom other than hydrogen is represented by its
chemical symbol. Each single bond is implied, each double bond has the symbol "=",
each triple bond has the symbol "#", aromatic systems use lowercase letters, and
numbers represent how the molecule coils on itself to form. It is a global format for
exchanging molecular data used in chemical databases around the world. SMILES is

well-suited for sequence-based neural networks.

12
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SMILES CN1C=NC2=C1C(=0)N(C(=0)N2C)C

Figure 1: SMILES Representation.

3.2 Molecular Fingerprints

Molecular fingerprints are represented as binary or numerical vectors whose
dimensions represent the presence or absence of certain substructures within the
molecules [13]. By representing the structures of molecules in this way, their structures
can be easily stored and processed by computers. These representations are often
employed in tasks in machine learning and chemical informatics, such as finding similar

molecules or grouping molecules [15], [32]. The main families are:

e Circular fingerprinting (ECFP): The chemical environment around each atom is
encoded up to a specific bond radius using Morgan’s algorithm [14]. This encoding
represents the unique substructural features of a molecule in a number that is useful

for similarity comparisons and models [13], [14].

e FCFP, Avalon [28].
e MACCS [28].
3.3 Physicochemical Descriptors

The physicochemical descriptors are the numerical values of the physicochemical
properties of a molecule at different levels of molecular representation [1], These
descriptors are essential in many scientific domains, such as pharmaceutical sciences and

chemistry.
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The 0D descriptors represent the global properties of the molecule and are

independent of the structural representation of the molecule [1].

The 1D descriptors are based solely on the molecular formula of the molecule [1].

The 2D descriptors are calculated from the two-dimensional representation of the

molecule’s connectivity [1].

The 3D descriptors are calculated from the three-dimensional representation of the

molecule [1].

0D descriptors 1D descriptors 2D descriptors
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Figure 2: Molecular descriptor representations RDKit [1].

The RDKit library provides implementations of more than 200 physicochemical
descriptors [28].

3.4 Molecular Graphs

In a molecular graph, the atoms of the molecule represent the nodes of the graph
V, while the chemical bonds between these atoms form the edges of the graph E [13], [6].
Each node v of the graph is associated with a feature vector xv, which encodes various
properties of the atom at that node. These properties include the atomic number, formal
charge, oxidation state, orbital hybridization type, aromatic membership, number of rings
containing that atom, and number of radical electrons. Each edge (u, v) of the graph is
associated with a feature vector eu,v, which encodes the bond type between the two atoms

u and v, ring membership, length, and rotation [13], [6].
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The molecular graph is the richest of the four representations, as it retains all of
the information regarding the structure of the molecule without loss of that information.

It is the representation used by all of the GNN models evaluated in this work.

T o 3 £, T P g 5 )
Node v — feature vectorx, R

Atom type
mm C
- [N
s O

Edge (u,v) — feature vector e, ,

Figure 3: Molecular Graph.
4 Graph-Theoretic Representations

A graph G =(V, E) 1s defined as a set of two sets, V and E, where V is a finite set
of nodes, and E € V x V is a set of edges [2]. Nodes (vertices), are the entities or data
points in a graph and they are the atoms in a molecule. The edges are the links between
the nodes and represent the relationships between them. They are either directed or
undirected [2].

Many characteristics can be used to classify graphs. If a graph has a finite number
of vertices and edges then it is finite graph and if not then it is undirected graph . Each

edge in a directed graph has a direction specified, but an undirected graph does not [2].
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Types of Graphs

-
0 0
o%\ o/

{a) Undirected Graph {b) Directed Graph
Figure 4: Directed and undirected graphs [2].
4.1  Adjacency Matrix

The simple graph has its corresponding adjacency matrix denoted by A € {0,1}NN,

The element Aij represents the connection between node vi and node vj.:
Ajj=1ifviis adjacent to vjand i #j,

and Aj; = 0 otherwise [3]. (2.1)
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Molecule from LD30Dataset

SMILES: CM{C)CCCC(=0)NC12CCICCICC(C3)C11C2

. 0 0 0 0 0 0

I
. 0 . 0 0 0 0 0
aom
o
0 0 0
0 0 0
0 0 0 0
0 0 0 0
M Bond present (1) Mo bond (0) Diagonal (self-loop)

Figure 5: Adjacency matrix [3].

4.2  Degree Matrix

A graph having n edges, the degree matrix D € R"" is a diagonal matrix where the

diagonal entry Dii corresponds to the degree d(vi) of vertex vi [3].
4.3  Laplacian Matrix
The Laplacian matrix L € R™™ of a simple undirected graph is defined as follows:

L=D — A, where D is the degree matrix and A is the adjacency matrix and:
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L ij=d(v i) ifi=],

L ij=-1lif {v i,v j} € Eandi#],

L ij = 0 otherwise [3]. (2.2)

4.4

Symmetric Normalised Laplacian

Lsym = D—1/2 L D—1/2 =1 - D-1/2 A D—1/2 is the definition of the symmetric

normalised Laplacian Lsym. It consists of [3]:

LY™;=1ifi=jand d(vi) #0,

—1/~(d(vi) d(v))) if {vi, vi} EEandi#]j,

and 0 otherwise. (2.3)

4.5 Incidence Matrix

The incidence matrix M € Rnxm is defined for a simple graph with n nodes and

m edges so that :

M;; = 1 if edge ¢; is incident to node vi,

and 0 otherwise [3]. (2.4)

S5 Toxicity Prediction

Animals or cells must be tested in lab in order to evaluate a chemical
compound's safety. These tests are expensive, time-consuming, and pose ethical
questions about using biological organisms for testing. By creating a mathematical
mapping between a chemical compound's structure and its measured toxicity,
computational toxicity prediction seeks to evaluate novel compounds without the
requirement for experimental testing [18].

Toxicity refers to a family of related but distinct properties of compounds that
are determined experimentally. The LDso of a compound is one of the most difficult
of these properties to model. Lethality can be the result of a variety of unrelated
biochemical processes occurring within the body simultaneously [10]. However,
because there exist large publicly available datasets of compounds and their LDso
values, this property is one of the most suitable for evaluating different GNN

architectures [10].
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6 Prior Research on Toxicity Prediction

The computational prediction of molecular toxicity from structural information

has evolved through successive generations of methods.
6.1 Classical QSAR Models

Quantitative structure-activity relationship (QSAR) model creates a mathematical
connection between a molecule's activity and structural characteristics [12]. According to
QSAR models, molecules with comparable structures will behave similarly. A QSAR
model is constructed in the following steps [12], [17]:

e Molecular structure preparation.

e Dataset splitting for training set and testing set.

e Calculation and selection of molecular descriptors.

e Construction of the QSAR model utilizing the selected molecular descriptors.
e Validation of the model by testing it on a test set of molecules.

Early QSAR models included principal component analysis, partial least squares,
and multiple linear regression using manually created descriptors [12]. These models did
well in chemically homogeneous series, but they did not generalize well to datasets with
different structural characteristics. One of the first LDso models on big datasets was
published by Zhu et al. [10], who found that the key restriction was poor out-of-domain

generalization.
6.2 Deep Neural Networks

Deep neural networks were also employed in extending QSAR modelling to
include non-linear relationships between the descriptors and the biological activity [18].
Mayr et al. [18] developed DeepTox, a multi-task deep neural network trained on ECFP
fingerprints and a large set of chemical descriptors for the Tox21 challenge. DeepTox
predicted twelve toxicity endpoints simultaneously and won the challenge, reporting a
mean test-set AUC of approximately 0.846 across the twelve tasks and outperforming
naive Bayes, support vector machines, and random forests. Stokes et al. [19] applied a
directed message-passing graph neural network to antibiotic discovery; trained on a

binary growth-inhibition dataset of 2,335 molecules, their model reached a test-set ROC-
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AUC of about 0.896 and led to the identification of halicin, a novel antibacterial
compound effective against drug-resistant bacteria. Duvenaud et al. [20] introduced
differentiable “neural graph fingerprints” that replaced fixed circular fingerprints with a
graph convolutional network learned end-to-end, improving over fixed ECFP fingerprints
on solubility, drug efficacy, and photovoltaic-efficiency regression benchmarks. Yang et
al. [21] developed the directed message-passing neural network (D-MPNN, released as
Chemprop) that learns molecular representations directly from the graph; across a wide
range of public and proprietary datasets it consistently matched or outperformed models
based on pre-computed molecular fingerprints, establishing message passing as a strong

default for molecular property prediction.

A smaller body of work targets the acute-toxicity LDso endpoint specifically,
which is the regression task addressed in this thesis. Zhu et al. [10] built one of the first
large-scale rat acute oral LDso QSAR models, using a dataset of roughly 7,400 compounds
compiled from the ChemIDplus and admetSAR sources, trained with k-nearest
neighbours, support vector machines, and other classical learners on calculated
descriptors, while highlighting poor generalization outside the training domain as the
central limitation. Lu et al. [33] proposed a local lazy learning approach that builds a local
model around each query compound from its nearest neighbours, evaluated on a dataset
of 7,385 rat acute oral LDso compounds. Xu et al. [34] introduced deepAOT, a molecular-
graph-encoding convolutional neural network for acute oral toxicity, trained on the acute
oral toxicity dataset derived from the admetSAR database. Most relevant to this thesis,
Saravanan et al. [35] used the same TOXRIC mouse intraperitoneal LDso dataset
employed in this work and applied a graph convolutional network regression model to
predict the LDso value directly from molecular structure, as part of a broader multi-model
toxicity-prediction framework. These studies differ in the dataset, species, and route of
administration they use, which is why a direct comparison of their performance is only
meaningful when the same dataset is used; such a comparison, restricted to the TOXRIC

mouse intraperitoneal LDso dataset employed in this thesis, is presented in Chapter 4.

7 Machine Learning

Machine Learning is a method for obtaining Artificial Intelligence [4]. It focuses
on creating algorithms that allow computers to learn from data and make decisions or

predictions based on that data [4]. Some areas in which machine learning is applied
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include computer vision, speech recognition, recommendation systems, and natural

language processing [4].

ML can be:

e Supervised learning: using labeled datasets [4]. It is utilized for classification and
regression applications [4].

e Unsupervised learning: looks for patterns in unlabeled data to categorize them [4].

e Reinforcement learning: based on learning through rewards and penalties [4].

Deep Learning

Machine Learning

Artificial Intelligence

Figure 6. Deep learning is a subfield of machine learning, which is in turn a subfield of artificial intelligence

[4].
8 Deep Learning

Deep learning is a subfield of machine learning that uses artificial neural networks
with many stacked layers of non-linear transformations [36], [37], [38]. Such deep neural
networks learn increasingly abstract features from the data so that complex features within

the data can be represented in the deep learning model.
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Deep learning models perform end-to-end training via backpropagation

algorithms that compute the gradient of the loss function for the model's parameters [37].
8.1 Convolutional Neural Networks

A Convolutional Neural Network (CNN) is a class of deep neural networks that
learns patterns from data that has a grid structure to it, such as images [5]. Instead of
connecting each neuron in one layer to each neuron in the next layer in a neural network,
a CNN learns a small number of weights (filters or kernels) that are applied across the
entire input layer. The same set of weights is applied to every location within that input
layer, taking advantage of the fact that many of the same patterns exist throughout the

input data.

A typical CNN is built with three types of layers. Convolutional layers learn the
weights of a filter that is applied to the input data to highlight regions of interest within
the input. Pooling layers (typically max-pooling operations) reduce the size of the feature
maps created by the convolutional layers to provide translation invariance to the CNN.
Finally, fully connected layers make predictions based on the features that were detected
by the convolutional layers [5]. The architecture of a typical CNN is represented in the

figure below.

Fully
connected
Qutput
Input image Conv layer 1 (prediction)
Pool 1 Conv layer 2 O
Pool 2 O
onv + RelLU Pool onv + Relju Pool Flatten O .
— —_ —_— —_— —_ O —_ .
compact map .
f downsampled deeper features O
HxWx3 eature maps 8
Feature extraction (convolution + pooling, repeated) Classification ‘

Figure 7: Typical CNN architecture [5].
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Convolutional layers can be understood by considering the filter that is applied to
the input data. For a two-dimensional convolutional layer, a 3x3 filter is applied to the
input data such that each of the weights within the 3x3 filter is multiplied by each of the
pixels within that same 3x3 region of the input image. The resulting values are summed
to form a single scalar value, which is passed through an activation function to emphasize
only those features that are important to the recognition of patterns within the image. The
next figure illustrates how these two-dimensional convolutional layers apply the 3x3 filter

to the input image to highlight certain features within the image.

Single CNN layer h
with 3x3 filter: 0

h, ..
QL

O~0-0

O O\O h;

hA(1[+l) — (W(()I)h((’” + W ]" h ]“‘ . T WL“])L“)

) <

Full update:

Convolutional Neural Network
(CNN)

Figure 8: 3x3 convolutional filter [5].

For a feature h at position 4 (the centre of a 3x3 window of pixels indexed from 0

to 8) at layer (+1:

hAC+1) = (W) ho\(€) + WNE)hiNC) + ... + WsNE)hs\(L)) (2.5)
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The use of the same weight matrix W”({) across the entire image makes the
network translation equivariant. While this has proven to be a very useful inductive bias
in the case of images, it prevents the use of CNNs in the case of molecules. Molecules do
not possess the same structure as a grid of pixels. The number of atoms in a molecule is
variable, there is no inherent ordering to the atoms within a molecule, and the bonds

between the atoms are not of the same form as the adjacency of pixels in a grid.
8.2 Graph Neural Networks

A Graph Neural Network (GNN) is a deep learning model whose input is a graph
and whose output transforms in a predictable way when the nodes of that graph are
reordered [39], [40], [41], [42], [7]. A graph G has a set of nodes (V) and edges (E) that
join the nodes. The number of nodes in a graph is variable, as is the number of edges
connected to each node. A GNN is a model that is generalizable to graphs of any size and
whose output is the same regardless of the order in which the nodes of that graph are

examined.

For molecules, each atom is represented as a node in the graph, and each bond
between atoms is represented as an edge. Each node in the graph is associated with a
feature vector for that atom. Each feature is a description of the atom; it can be elemental
(what type of element is represented by the atom), its state of hybridization, its formal
charge, whether it is present in a ring structure in the molecule, and other features. Each
feature has a value associated with it; binary features have a 0 or 1 value, while other
features are represented as one-hot vectors. These feature vectors are associated with each
node (atom) in the graph, resulting in the initial embedding for the graph of molecules

(shown in the next figure).
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Figure 9: Atom feature encoding [6].

GNNs can be thought of as a generalization of CNNs [7]. In a CNN, a filter is

applied to an image that includes the image pixel at the center of the filter with the pixels

in the image that are neighbors of that center pixel (as shown on the left in the next figure).

In a GNN, a node is mixed with its neighbors in the graph (as shown on the right in the

next figure). The CNN is a special case in which the graph that is being examined is a

grid, in which each point has the same neighbors; the GNN, by contrast, removes the

requirement that those neighbors be regular in any way.
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Figure 10: CNN versus GNN [7].

The same distinction can be made in the update rule of the CNN and the GNN.
The CNN mixes the value of the pixels in the 3x3 patch of the image with the center pixel
to create the new value of the center pixel. Similarly, the GNN mixes the values of the
neighbors of a node in the graph with the value of the node itself to form a new value for
that node. The weights applied to the neighbors in the graph are the same for each neighbor.

The GNN is insensitive to the order in which the atoms of the molecule are listed.
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Figure 11: CNN and GNN updates [7].

8.2.1 Graph Convolutional Network (GCN)

The Graph Convolutional Network [24] is one of the first GNNs to be introduced and is
among the most widely used. Each node’s new representation within a GCN layer is the
average of the old representations of the nodes that neighbor it (including itself), with the
averaging weighted according to the degree of the nodes that connect to each other [7].
The representations of the neighbor nodes are multiplied by a shared matrix W”({) prior
to taking the average to provide the layer with some of its learnable capacity. The result

can be defined as follows:

A+ = o(Z fu ENB) UMY (e fvwud) - WNE) - hANE)  (2.6)

where N(v) represents the neighbors of node v, and ¢_{v,u} is a normalization factor
derived from the degrees of v and u. Despite the simplicity of this model, models with as
few as three layers have been able to learn useful representations of the molecules,
allowing them to make strong predictions on a variety of different data sets related to

molecular properties.

In matrix form, the equation for a single layer of a GCN is F'=(1+A) - F - W, where F

is the matrix of features of the atoms of size N x d_in, I is the N % N identity matrix, A is
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the adjacency matrix of the molecule, and W is a learnable matrix of size d in x d_out.
The figure below represents three layers of a GCN being applied to a molecular graph of
93 atoms. The feature dimension d of each atom increases from 5 to 32, 64, and 128 as

the depth of the network increases to 3 layers.

First Convolution Layer

93

93

Second Convolution Layer

Third Convolution Laye

[+A X

93 93
l+A X

r )

93 g
[+A K

8.2.2 GraphSAGE

GraphSAGE models node embeddings by aggregating features from neighboring
nodes [27]. The representation of a node is updated using the representation of that node

and the aggregated representations of its neighbors [27]. The update rule is defined

mathematically as follows:

h vk = o(W"k - CONCAT(h_v\k—1}, AGGREGATE k(th u™k—1}% u ENW)Y)) (2.7)

where:

e h_v”k: representation (embedding) of node v at layer k

32

32

v

3

64

128

64

128

64

FI'

Figure 12: Stacked GCN layers [7].

e h_v*{k—1}: representation of node v from the previous layer
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h_u”{k—1}: representation of neighboring node u from the previous layer
e N(v): set of neighboring nodes of node v

e AGGREGATE: aggregation function used to combine neighbor features
e CONCAT: concatenation operation

e  W"Kk: learnable weight matrix at layer k

e ¢: nonlinear activation function
8.2.3 Graph Attention Network (GAT)

Both the GCN and GraphSAGE models treat each of the neighbor nodes of a given
node as equally important up to a normalization factor. The Graph Attention Network
(GAT) framework introduces a method of applying learnable attention weights o {vu} to
the features of each node's neighbors [25]. These weights are computed from the current
embeddings by a small neural network and normalized with a softmax, giving the

weighted-sum update:
m, =2 {u ENW)} a_{vu}-W-h, (2.8)
8.2.4 Graph Isomorphism Network (GIN)

The Graph Isomorphism Network also enhances the node representations by
considering the characteristics of the neighbouring nodes, obtaining significant

discriminative power similar to the Weisfeiler-Lehman test [26].

8.2.5 Graph Transformer

The Graph Transformer [8] applies the self-attention model that was presented in
the original Transformer [9] to graph-structured data. The motivation for this approach
can be expressed very concisely: in a standard GNN, information is propagated between
nodes along the edges that comprise the graph; alternatively, a Transformer model can be
thought of as a GNN in which the connectivity matrix is replaced with a connectivity
matrix that is learned from the data. Combining these two approaches creates a model that
can apply the inductive bias of the molecular graph to the representation learning process
while also being able to up- or down-weight the importance of the connections between
neighboring nodes according to the chemical context of those neighbors, as illustrated

below:
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|
node | 1
l

adjacency matrix observed graph

attention matrix latent graph

Transformers can be seen as a generalization of graph neural
networks (GNNs) where the fixed adjacency matrix in GNNs is
extended to a variable attention matrix in Transformers.

Figure 13: GNN versus Transformer [8].
For each node v in the graph G, and for each neighbor u of v, the Graph

Transformer applies three separate linear transformations to the feature vectors of each

node to create query, key, and value vectors for that node and neighbor:
O.=WO-h, Ke=WK-h,, Vi=WV-h,+WE-ewn (2.9)

The value vectors for each neighbor u of node v include the features of the edge that
connects those two nodes through a separate linear transformation W_E. The importance
of each neighbor u is computed as a scaled dot product between the query and key vectors
Q _vand K u, respectively, which is passed through a softmax function. The new feature
representation for node v is the weighted sum of the value vectors V_u of its neighbors.

The definition of this dot product-based attention function is presented in the next section

9 Transformers and Attention Mechanisms

The Transformer architecture was introduced by Vaswani et al. [9] as an
architecture for modeling sequences of arbitrary length that did not rely on the use of
recurrent connections between the different processing steps of the model. Recurrent
models tend to be limited by the length of the sequences that they can effectively process
due to the vanishing gradient problem. Instead, the Transformer model replaces the use of

recurrence with what is known as self-attention, wherein each element of the sequence is
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allowed to examine each of the other elements of the sequence and to learn which

elements of the sequence are relevant to each element.

This type of mechanism can be understood through examining two different
examples of its use. In the sentence “Understanding the protein-ligand interaction is key
to drug discovery," for instance, the word "interaction" is related to the words "protein-
ligand"; the attention layer can learn to recognize these relationships without examining
the sentence element by element. Similarly, within a molecule, the same type of self-
attention layer can be used to understand whether two fragments of the molecule, such as
an -NH: amine group and a tert-butyl group, are located within a certain distance of one

another within the molecule.

» The attention mechanism allows a
model to focus on different parts of an
input sequence based on their
importance.

t-butyl

Are “-NH2 fragment” and “tert-
butyl group” co-occur within
given distance.

“Understanding the protein-ligand interaction is key to drug

/GD - % / >\

"Comprendre ['interaction protéine-ligand est essentiel pour la découverte de
médicaments."

Figure 14: Attention mechanism motivation [9].

In the context of molecules, such an architecture is helpful in recognizing that the
relationship between two atoms is not always represented by the presence of a direct bond
between those two atoms. Instead, two groups located several bonds apart from each other
may interact with one another, and the ability of the model to recognize these relationships
allows it to function with an advantage relative to architectures that must examine the
sequence of atoms in the molecule in order to determine if any interaction between those
remote atoms occurs. The Graph Transformer that will be utilized in this work is,

essentially, the use of the self-attention model for molecular graphs [8].

31



CHAPTER 2 LITERATURE REVIEW

9.1 Scaled Dot-Product Attention

Self-attention uses three pieces of information that come from the same input.
Given an input matrix X, three separate matrices can be created by performing

multiplications:
O=X-WQ, K=X-WK, V=X-W\V (2.10)

In this equation, Q represents the information that each element is looking for. K
represents the information that each element can offer. V represents the information that
each element will send out when it finds what it is looking for. To determine how much
each element should pay attention to another element, each element’s Q matrix is
multiplied by every other element’s K matrix. The larger the result of that multiplication,
the more information that element contains that can answer the question that the element

is asking so its V values will be sent out.

These dot products are scaled by dividing each value by the square root of the
dimension of the key matrix (d_k) and converted to percentages using the softmax

function:
Attention(Q, K, V) = softmax( Q -K"/Nd k) -V 2.11)

The reason that the value of the square root of d k is used in the attention process
is to ensure that the learning process works well for the system. Without this division of
each dot product by the square root of d_k, the values of d_k will have a major influence
on the values of the dot products. If d k is a large dimension, the dot products will be
large, leading to extreme values from the softmax function. These extreme values will
make it difficult for the machine to learn. By dividing each dot product by the square root
of d_k, the values are scaled to ensure that the learning process works well for the machine

learning system.
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Figure 15: Scaled dot-product attention [9].

The figure represents the steps in the self-attention process. Each element of the
input matrix X is multiplied by the weight matrices W*Q, W”K, and W"V to create the
Q, K, and V matrices for each element. The query (Q) is multiplied by the keys (K) to find
dot products. These dot products are scaled and normalized using the softmax function.
The attention weights are used to create a weighted sum of all the V matrices to form the

output matrix Z.
9.2 Multi-Head Attention

A single self-attention layer can only examine a single type of relationship
between the elements within the matrix. It is often more useful to examine the same
elements of a matrix from multiple different angles at once. Multi-head attention performs

this by applying multiple self-attention operations simultaneously to the same inputs:
MultiHead(Q, K, V) = Concat(head,, ..., head h) - W~O (2.12)
head; = Attention(Q - W/ Q, K - WK, V- W) (2.13)

Each of the heads within the multi-head attention layer has its own set of three
projection matrices. Each of these heads can examine a different type of similarity

between the elements of the matrix. A single projection matrix combines the results of
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each of these heads into a single output. In the Graph Transformer used in this work [8],

the attention is additionally restricted to the actual graph neighbourhood, so each head

learns a different way of weighting neighbours rather than the whole molecule.

WZ

Ly

X

tils

[0

1l

iR

Figure 16: Multi-head self-attention [9].

Multiple heads are one of the main ingredients that make Transformers and Graph
Transformers expressive relative to earlier models. They allow the model to consider
several different types of interactions between atoms in a molecule at once and to combine
those interactions appropriately into the representation of the molecule that is passed

along to the readout and prediction layers in the following section.

10 Batch Normalization

Another training method for normalizing each layer's activation before moving on
to the next layer is batch normalization [43]. The batch normalization transformation is

defined as follows for each tiny batch of activations:

BN(x) =y (x—u B)/N(c B*+¢) + J. (2.14)
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11 Dropout

Dropout is a regularization strategy that randomly removes neurons during

training in order to minimize overfitting [44].

12 Readout Functions

After the message-passing layers, each atom in the molecule has its own vector
[6]. A readout function combines all these atom vectors into one vector that represents the
whole molecule, which is then sent to the prediction head [6]. The readout must give the
same result regardless of atom ordering, and it must work for molecules of any size [6],

[26].

This work evaluates nine readouts: the three standard non-parametric readouts in
PyTorch Geometric [45] global mean_pool, global add pool, and global max pool, and
the six ordered pairwise concatenations of those aggregations, namely Add+Mean,
Mean+Add, Add+Max, Max+Add, Mean+Max, and Max+Mean, each producing a vector

of dimension 2 x hidden.

13 Summary

This chapter presented the complete theoretical foundation of the DeepToxiGraph
framework. Starting from the pharmaceutical motivation for predicting LDso
computationally, four molecular representations were described: SMILES, fingerprints,
physicochemical descriptors, and molecular graphs, together with the graph-theoretic
matrix formalisms (adjacency, degree, Laplacian, and incidence matrices) on which the

GNN architectures depend.

The evolution of computational toxicity prediction was reviewed, from classical
QSAR models through multi-task deep neural networks to graph neural networks.
Convolutional neural networks were introduced as the conceptual precursor of GNNs, and
five GNN architectures were described mathematically: GCN, GraphSAGE, GAT, GIN,
and the Graph Transformer. The Transformer attention mechanism and the Graph

Transformer were presented, followed by readout functions used in this work. Training
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techniques, including batch normalization and dropout, were introduced. Every concept

introduced in this chapter is applied directly in the experimental work of Chapter 3.
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Introduction
This chapter describes the complete experimental methodology behind
DeepToxiGraph. Each stage builds on the design decisions established in the previous
stage. The chapter begins with an overview of the research framework in Section 2,
followed by a description of the dataset in Section 3, a detailed account of each
experimental stage in Section 4, and the evaluation metrics used to assess all models in

Section 5. The chapter concludes with a summary in Section 6.

2 Research Framework

The DeepToxiGraph framework formulates the prediction of molecular toxicity as
a supervised regression problem. Given the SMILES string of a compound as input, the
model predicts the acute intraperitoneal toxicity expressed in the standardized unit
—log(mol/kg). The framework is structured as six sequential stages, each addressing a
specific design question. The answer to each question is fixed as a design decision carried
forward into all later stages, ensuring that every architectural choice is supported by

experimental evidence.

Stage 1 addresses the following question: among the candidate readout (pooling)
strategies, which strategy is the best? A 3-layer GCN with a 128-dimensional hidden layer
is used as the base architecture. The readout function selected in Stage 1 is fixed for all

experiments.

Stage 2 addresses the following question: among four candidate GNN
architectures, which architecture performs best under the same fixed configuration? The
readout strategy selected in Stage 1 is applied to all models so that performance

differences reflect only architectural design choices.

Stage 3 addresses three successive questions: which depth 4, 5, or 6 message-
passing layers gives the best performance for the top two architectures selected from Stage
2?7 where should batch normalization be inserted within the best-depth model, comparing
10 placement configurations? (c) what is the final fully-regularized training configuration
hidden dimension 256, AdamW, Dropout, and gradient clipping for 300 epochs that serves
as the GNN baseline carried into the hybrid model of Stage 6?

Stage 4 uses another approach: each molecule is encoded as a 2D image derived

from a molecular fingerprint and processed by a CNN. Nine fingerprint types are tested
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individually, and the three best-performing types are then fused into a single 3-channel

model.

Stage 5 establishes a physicochemical descriptor baseline by training an MLP on

208 RDKit descriptors.

Stage 6 fuses all three molecular representations — graph-based, fingerprint-
based, and descriptor-based — into the DeepToxiGraph hybrid model using a sigmoid-
gate fusion followed by a shared prediction head.

STAGE 1 STAGE 2 STAGE 3 STAGE 4 STAGE 5 STAGE 6

Readout GNN Depth + BN Fingerprint Descriptor Hybrid
selection comparison + scale-up 2D CNN MLP baseline fusion model

9 readout strategies 4 architectures 4, 5, 6 layers 9 fingerprint types 208 descriptors GNN + FP + Desc
3-layer GCN fixed readout BN placement 2D images RDKit sigmoid-gate fusion
hidden = 128 keep top two hidden = 256 fuse best three MLP baseline shared head

Predicted toxicity (LDso)

Figure 17: Overview of the six-stage DeepToxiGraph methodology.

3 Dataset and Data Splitting

3.1 The LDso Dataset

All experiments used the dataset of intraperitoneal acute toxicity values compiled
from the TOXRIC database [11]. The toxicity endpoint is the 50% lethal dose (LDso), one

of the most widely used measures of acute toxicity in the pharmaceutical field.

Table 1: Description of the LDso dataset.

Property Value

Total compounds 35,299

Training compounds (70%) 24,709

Test compounds (30%g) 10,590

Target variable —log (LDso) [—log(mob"l;:g)]
Training set mean = std 3.025 £ 0.696

Test set mean =+ std 3.026 = 0.685

SMILES column 'Canonical SMILES'

Target column 'mouse _intraperitoneal L.D50'
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The raw LDso values are expressed in mol/kg and vary considerably across
chemical classes. To ensure regression stability, all values are standardised by applying a
negative log-10 transformation: —log(mol/kg). A higher —log(mol/kg) value indicates
greater toxicity; a lower value indicates lesser toxicity. The log transformation also

reduces the influence of outliers during training. The dataset contains 35,299 compounds
[11].

Table 2: Sample rows from the LDso dataset sourced from the TOXRIC database.

TAID P“‘E‘Tg“‘ IUPAC Mame SMILES Canonical SMILES InChiKey e '""’;’;”‘D"E" Lo

2 TOX-145 benzene-1, 4-dicl Ocleee(Opel Oclcec{Ojec QIGERMMKCJKVMI-UHFFFAQY S 3.041834651
3 TOX-245 5453 tris{airidin-1-y [-s ulf any lidene-lambda5-phosp| S=P(N1CCIN1CCINICC S=P{N1CCI}NICCINICCT FOCVUCIESVLUNU-UHFFFACY. 4215583534
=1 TOX-A2T2 T 1.2.3.4,5.6-hexachlorocy clohexane CICIC{CHC(CNCICHC{CNCICI  CICAC(CHC(CIC{CHCCHCICT | JLYXMMFFNIAWKQ-UHFFFADYE 3366732177
5 TOXA278 4051 3-{diaminomethy lidene}-1, 1-dimethy lguaniding CN(C)C{=N)N=C{N}N CN{CIC{=N)N=C{N}N YZWY ZXLIPYDOLR-UHFFFACY 5 2,641603841
& TONizE2 10364 Zmethy H5-propan-2-y Iphenal Celooo(C(CICee10 Celeoe(C{C)Ce10 RECUKUPTGUEGMN-UHFFFAD 3,311626674
7 TOX-1289 11052 1-{2-hy drosty -4-methosty pheny lethanons COeleee{C{C)=0j{0)c1 COeieec{C{C=0pe(O)ei UILPJVPSNHJFIK-UHFFFADY 54 2,327917267
B TONizEz 19402 243 4-diby drony -S-oxoonnlan-2y [-2-hy droxy, O=CC{OICIOC(=0)C(OMCI0  O=CC(O)CIOC(=0CIOGI0  UYUXSRADSPPKRZ-UHFFFACY 1,48261524
El TOX-1253 5281416 | B, T-dihy drosy chromen-Z-one O=cicccZec{O)e{O)ec2ol O=cleccZec{O)c(OlecZol ILEDWLMCHZNDJK-UHFFFACY 2074677503
10 TOX1ZE 08 {4y droxy -3-methoxy pheny iprop-2-encic 3 COc1cc{C=CC{=0)0)kcc10 COc1ce{C=CC=0)0kcc10 KSEBMY QBY ZTDHS-UHF FFADY) 3000416186
11 TOXA3T 10583 1-gtheny H1-methy -2, 4-bis{prop-1-en-2-y oy ¢| C=CCA{C)CCC{C{=CICICC1C{=C C=CC1{C)CCC{C{=CIC)CC1C{=C OPFTUNCR GUEPRZ-UHFFFACY 2,864785315
12 TOXEm 56 N-{2-{5-methoxy - 1H-indol-3-y iethy lacetamid COc1cce2[nH]ec{CCNC{C)=002: COc1ccc2{nH]ec{CCNC(C)=0lc2 DRLFMBDR BRZALE-UHFFFAQY 2237714728
13 TOX-1318 B2B1TOR | T-hydrosy -2-{d-hy droxy pheny ehromen-d4-one O=clo{<c2eoo{O)ccjcocon(O)ce O=cic{-c2eco{ClocjeocZec(Cen ZQEIJRDFFHOXIC-UHFFFAQY S Z,104215552
14 TOX1326 2240 1.5 8-trimethyl-11,14,15.16 'CCICCC2C(C)C(=0)0CI0C4{CH CCICCCIC(CIC{=0)0030C4{CH BLUAFEHZUWY NDE-UHFFFACY 2.258158804
15 TOXA3T T3 5-hy droncy - 1-{4-hy droxcy -3-methoxy pheny [idet CCCCCC(0)CC{=0)CCelooe{0)c CCCCOC{0)CC (=00 Colene{0)s NLDDIKRKFXEWBK-UHFFFACY 3, TD4T45336
16 TOX1342 5538 3, 7-dimethy -5-{2, 6.6-trimethy loy clohexen-1-y CC{C=CC1=C{C)CCCC 1{C)C)=Ci CC{C=CC1=C({C)CCCC1{C)C)=Cl SHGAZHPC JJPHSC-UHFFFACY 3.278486808
17 TOX-1343 4m 23, 4-dihy droxy pheny [}-3,5, T-trihy drosy -2, 3+ O=C 162¢{0)ec{O)ee20C (c2ecc(0] 0=C1e2c{0)co{0)cc20C (c2eoe{0] CXRWRCVTCMRVRCUHFFFACY 2, 453800055
15 TOX1345 2158 (B-hydrosy-B-methy H-azsbicy clo[2 2. 1]octan CNIC2CC{OC=0)C(C0Mdecece: CN1CACC{OC(=0)C(C Ole3eccoe WTQY WNWRINXDEG-UHFFF AC 2 540764013
15 TONi346 645 N-{{#-hy droscy-3-methasy pheny imethy [-8-mi COc 1ee{CNC{=0)CCCCC=CC(C) COeee({CNG(=0)CCC CO=C(C) YKPUWZUDDOIDPMAUHFFFADY 4,373467346
i TOX1358 155287 | 2{#-hy droxy -3, 5-dimethany pheny chromeny | C0c Too|-c2o+|clec{Olco{Deloe] GO loo{-co+cdeo{Dce{Djclee KZMAC GJOUUWF CH-UHFFFAD 1,506375614
21 TOX1366 I5T6ESD  |9,10,15, 18tetrahy droxy-12, 12-dimethy Ho-me) C=C1C(=0)CZ3C{0)C1CCC2C1 A C=CAC{=0)CZ3C{0)C1CCC20 14 SDHTEWLVGWIFT-UHFFFACY 401755561

2z ToxiEINM 124327 heptadec-10-eny L& vy chohexs-2,5+ COCCCCC=CCCCCCCCCCC1= CCCCCLC=CCCCCCCCCCC1= Y'Y CCUFKHONSRIA-UHFFFADY 4,168653477
13 TOXAITE T 32 Ta-methy H1-{6-methy lheptan-2-y[}-2,3,% C=C1CCC{OCC1=CC=CACCCCI C=C1CCC{OMCC1=CC=C1CC O] QY BXJUF EXHHAJI-UHFFFAQY & 3.45162457
24 TOXAITS 220520 10.11-dimethoxy-4a,5.5a,7,8, 133,15, 153, 150, COclec2e(ce1OC)C 13CCN4CCE: COelece(ce10C)C13CCN4CCS RRKTZKIUPZVEMF-UHFFRADY S 3,803623382
25 TOX1385 GI4TD  |3.4.5,15-tetramethoxy -8, 10-dimethy |15, 17-dik COe1ec2c(e{0C)e10C) e 1e{eelds{ COslec2e(e(0C)e 10C o 1e{eede| ZWRRJEICIFUFHZ-UHFFFAQY 3 3.028515116
26 TOX13%6 135444778 | 2[4{(2-amino-4-oxo-3H-pteridin-6-y methyla Nene(=0)e2ne({CNeleec{C(=0)N Noinc{=0)c2ne{CNelece(C(=0)N' OVBFIULPYIDEAC-UHFFFAQY S, 3.T15417339
27 TOX-A410 425530 | [6-hydrony-B-methy -3-[3.4,5-trihy droscy -B-{hy) CC12CCHOYOC(01)C1{COC(=0) CC12CCIOIOC(O1)C1{COC(=0) Y KRGDOMVOZESV-UHF FFACY)| 2,133887555
2B TOX-1443 360849 22, 33-dimethoxy-13,28-dimethy 1-2,5, 7, 20-tetr: COc 1ecc2ec10e1ce{ce1)CC 16k COeleccZec10c1cee(ce1)CC 16k YVPXVANRNDGTA-UHFFFADY! 3,686077T583
m TON1445 TH055024 | [2-(3,4-ihy droxy pheny -6-(hy droxy methy -8 CC10C(OC2C (00 (=0)C=Cedecs| CC10C(0C20(00(=0)C=Celeos| FPOYEEKZOOLVIA-UHFFFADY! 209522237
0 TOXA4TD 1Z91Z318  2{24[3, 12-diby drosty -17-{2-hy droy E-methy | CC{CECCCC{CHOIC1CCC2CIC COIC)=CCCC(CNOIC 1CCCH)E AGBCLIAHARWNLA-UHFFFADY 2, T6TTTE6ES
31 TOHA4T AZH0161T | 2[4, S-ditry droory -2-{[12-hy droocy -17-{2-hy drox) CC{CFCCCC{ENOIC1CCCACIE CO{C=CCCC(CNOIC 10CCHC)E RWXFXNRCLMRCD-UHFFFADY) 2,79TSTHTS
3z TOXA4TT 432116 2-[[3.12-dihy droxy -4,4.8, 10, 14-pentamethy -1 CC{C=CCCC{CHOC10OC{COIC{C CC{C=CCCC{CHOC10C{COIC{C YURJSTAIMN SZAE-UHFFFADY S 3.296190505
33 TOX1478 4483443 | 2-[2{[3, 12-dihy droxy -17-{2-hy droxy -B-methy | CC{C)=CCCC{CHOIC1CCC2(C)C CC{C)=CCCCCHOIC1CCCZC)HC UZIOUZHEUY LDHW-UHFFFACY Z,TTe54073
34 TOX1486 262500 2-[5-hydroxy B-{hy droxcy methy -2-[{10, 14,16, CC1CCC2C{C)CIC{CCACHCC=C CC1CCC2C(C)CIC(CCACHCC=C ZGVEETMHNHETRK-UHFFFACY 4,394038832
35 TOX-1485 4752 2842, -dihy diroxy -2-methy lpropy [-18-hy droxy CCINC{=0)C{CC{CHOWCOINC (=] CCANC(=0)C{CC{CHOICOINC{={ KPKZJLCEROULON-UHFFFADY 5,605981501
36 TOX-1436 108174 | 15-hy droscy -T-[B-{hy droocy methy [-3-{3-methy | C=C1C2CCCICHC)CC{OCS0C(( C=CIC2CCCIC4{C)CC{OCS0C{( AQFATIOBERWBDY-UHFFFACY 4, 861645526
37 TOX1438 012 [B-acetyloxy-11-ethy 15,7, 14-trihy droxy-6, 16, | CON1CC2{COC)C{0)CC(OC)C 34 CCNICCHOOC)C(O)CC(OC)C 34 XF SBVACIAHNAFC-UHFFFADY S 6,283834555
38 TOX1522 4437077 |7.7.12. 16-tetramethy H6-{methy lamino)-15-{1- CNC(C)C 1C{0)CC2{C)CICCCAC CNC{C)CIC0MCC2(CICICCTAC GMNAPBALIVITMI-UHFFFADY 54 4.641158212
39 TOX1525 108130 |3.4,5,19%tetramethoxy -9, 10-dimethy 15, 17-dk COe1ee2e{s{0C)e10C)cie(oode] COelec2e(e{0C)e 100 )¢ 1e{eede] RTZKSTLPRTWFEV-UHFFFACY 2301541077
a0 TON1536 4581422 [T4{2-methylbut-2-enoy loy 15,6, 7,8 tetrahy dn CC=C{C)C(=0)0C1CCNZCC=CC CO=C(C)C{=0)0C 10O NACC=C{C MWPTZQHBOWR TF-UHFFFADY 3,104337536

This table shows the dataset that was used in the experiments. Each row in the
table represents one chemical compound. Each column represents one attribute of that
compound. The attributes include TAID (a unique identifier for each compound),
PubChem ID (another unique identifier), chemical name (the IUPAC name of the
compound), SMILES (a string representation of the compound’s molecular structure),

canonical SMILES (the same as SMILES but in a canonical form), InChIKey (another
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unique identifier for the compound), and mouse intraperitoneal L.D50 (represents how

toxic the compound is).
3.2 Molecular Graph Construction

For each GNN experiment, each SMILES string is converted to a PyTorch
Geometric Data object through a graph construction algorithm based on the RDKit
library.

Each atom is represented by a 14-dimensional feature vector encoding atomic
number, degree, formal charge, aromaticity, ring membership, total hydrogen count and
hybridization state, Gasteiger partial charge, and membership in rings of size 3, 4, 5, and
6.

Each bond is represented by a 7-dimensional feature vector encoding bond type
(single, double, triple, aromatic), conjugation, ring membership, and stereo configuration.
All features are normalized or one-hot encoded and any NaN or infinite values are

replaced with zero.
3.3 Train and Test Split

The dataset is split into a training set (70%, containing 24,709 compounds) and
a test set (30%, containing 10,590 compounds) using a random split with a fixed seed of
42. This split is applied to all experiments, ensuring that all models are evaluated on the

same held-out test set.

4 Model Development

The experiments are arranged from the simplest design question to the most
complex. Each subsection describes the experimental setup and procedure for one stage

of the methodology.
4.1 Stage 1 Finding the Best Readout Function

For this evaluation, a fixed base architecture was used: a 3-layer Graph
Convolutional Network (GCNConv) with a hidden dimension of 128, an Adam optimiser
with a learning rate of 0.001, MSE loss, a ReduceLROnPlateau scheduler (factor = 0.5,
patience = 20), a batch size of 64, and 200 training epochs. After the three convolutional

layers the readout function is applied to produce a single graph-level vector, which is then
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passed through an MLP head of sizes readout_dim -> 256 -> 64 -> 1. All hyperparameters

except the readout function are held constant, so any performance differences can be

attributed solely to the pooling strategy.

Nine readout strategies were evaluated, ranging from simple global aggregations

to all ordered pairwise concatenations:

Table 3: The nine readout strategies evaluated in Stage 1.

Readout Strategy

Global Add Pool

Global Mean Pool

Global Max Pool

Add+ Mean concatenation

Mean+Add concatenation

Add + Max concatenation

Max + Add concatenation

Mean+ Max concatenation

Max+ Mean concatenation

Description

global add pool sums all node feature vectors into one

graph-level vector

global mean pool averages all node feature vectors

into one graph-level vector

global max_pool takes the element-wise maximum

across all node features

cat (global add pool, global mean pool) — 2xhidden-

dimensional vector

cat (global mean_pool, global add pool) — 2xhidden-

dimensional vector

cat (global add pool, global max_pool) — 2xhidden-

dimensional vector

cat (global max_ pool, global add pool) — 2xhidden-

dimensional vector; selected readout

cat(global mean_ pool,global max pool) — 2xhidden-

dimensional vector

cat(global max_pool,global mean pool) — 2xhidden-

dimensional vector

The (max+add) concatenation readout achieved the best test performance and is therefore

fixed as the readout function for all GNN experiments.
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Molecular graph
14 atom - 7 bond features

GCNConv(14 - 128) + ReLU

GCNConv(128 —. 128) + ReLU

GCNConv(128 - 128) + ReLU

Add pool Mean Pool Max Pool Add + Mean Mean + Add Add + Max Max + Add Mean + Max Max + Mean
hidden = 128 hidden = 128 hidden = 128 hidden = 256 hidden = 256 hidden = 256 hidden =256 hidden = 256 hidden = 256

Selected

FC:256 - 256 — 64 - 1
Rel U aifter each layer

'

Predicted LD 50

Figure 18: Nine readout strategies.

4.2 Stage 2 Comparing GNN Architectures

With the readout function fixed to the max+add concatenation, the second stage
benchmarks four GNN architectures on the same dataset split. All models use the
following identical configuration: three message-passing layers, 128-dimensional hidden
representations, max+add concatenation readout, no batch normalization, Adam optimiser
(Ir=0.001), ReduceLROnPlateau scheduler (factor = 0.5, patience = 10), batch size of 64,
and 200 training epochs. Any performance differences between models are because of

their architectural design alone.
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Molecular graph

l

GNN x 3 layers, hidden = 128

one of: GCN - GAT - GraphSAGE - GraphTransformer

- J
s )
Add + Mean pool — 256-dim
p oy
(' )

FC: 256 — 256 — 64 — 1
EM, Dropout 0.2

L l )
r ~
Predicted LDso
L4 J

Figure 19: Stage 2: four GNN architectures.

All four architectures use a shared MLP head of sizes 2xhidden (256) — 256 — 64 — 1
applied after the readout. After evaluation, the two best-performing architectures Graph
Isomorphism Network and Graph Transformer are selected and carried forward to Stage

3 for further investigation.
4.3 Stage 3 Depth Search, Batch Normalization Placement and Scale-Up

Stage 3 is conducted in three successive sub-experiments, each building on the

result of the previous one.
4.3.1 Depth Search

The two architectures selected from Stage 2 Graph Isomorphism Network and
Graph Transformer are re-evaluated at depths of 4, 5, and 6 message-passing layers. All
other hyperparameters remain identical to Stage 2: hidden dimension 128, max+add
readout, no batch normalisation, Adam (Ir = 0.001), ReduceLROnPlateau (factor = 0.5,
patience = 10), batch size 64, and 200 training epochs. Six runs in total: GIN-L4, GIN-
L5, GIN-L6, GT-L4, GT-L5, and GT-L6. The best-performing depth configuration is

carried forward to the batch normalization placement study.
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Molecular graph

- ™ g ™
Graph Isomorphism Net Graph Transformer
x4, 5, 6 layers - hidden=128, no BN x4, 5, 6 layers - hidden=128, no BN
A ~/ C
Max + Add pool — 256-dim Max + Add pool - 256-dim
FC:256 - 64 - 1 FC:256 - 64 - 1
Dropout 0.2 Dropout 0.2

Predicted LDso Predicted LDso

Figure 20: Stage 3a: depth search for Graph Isomorphism Network and Graph Transformer at 4, 5, and 6
layers.

Graph Transformer at four layers is selected as the best-performing configuration,

and it 1s used for the study on batch normalization placement.

4.3.2 Batch Normalization Placement Study

A study of batch normalization (BN) placement is conducted on the Graph
Transformer-4L architecture. The forward pass follows the Conv — BN — ReLU and

The FC head applies the pattern Linear — BN — ReLU.

Eleven configurations are evaluated:
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Table 4: Batch normalization placement configurations for Graph Transformer-4L.

Configuration

GT4L BN FCl1 only
GT4L BN FC2 only
GT4L BN _FC both
GT4L BN convl
GT4L BN conv2
GT4L BN conv3
GT4L BN conv4
GT4L BN convs_all

GT4L BN all

GT4L noBN (baseline)

BN after conv

layers

None

None

None

Layer 1 only
Layer 2 only
Layer 3 only
Layer 4 only
All 4 layers

All 4 layers

None

BN after
FCs

Notes

FC1 only
FC2 only
FC1 +FC2
None
None
None
None
None

FC1 +FC2 Selected

configuration

None

All other hyperparameters are unchanged from the depth search. The configuration

GT4L_BN_all which applies batch normalization after every convolutional layer and after

both fully-connected layers in the head is selected as the standard training configuration

for all GNN experiments.
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l

Graph Transformer x 4 layers
hidden = 128 - BN placement varies (11 configs)

|

L GT4L_BN_all — selected J

GT4L_BN_FC_both

GT4L_BN_FC1_only

GT4AL_BN_FC2_only

GT4L_BN_convs_all

GT4L_BN_convl

GT4L_BN_conv2

GT4L_BN_conv3

GT4L_BN_conv4

GT4L_noBN (baseline)

l

Predicted LDsg

N

Figure 21: Ten batch normalization placement configurations evaluated on Graph Transformer-4L.

4.3.3 Final GNN Configuration

A selected architecture Graph Transformer is trained with a hidden dimension of
256 for 300 epochs, with the batch normalization strategy fixed to BN _all. Additional
regularization is applied throughout: AdamW optimiser (weight decay = 1x10~*), Dropout
(p = 0.2) in the FC head, and gradient norm clipping at 1.0. A ReduceLROnPlateau
scheduler (factor = 0.5, patience = 15) is used to reduce the learning rate when the test R?

stops improving. The random seed is reset identically before each run. This configuration
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defines the final, fully regularized standalone GNN models that are used as the GNN

branch encoders in the hybrid model.

Figure 22: GraphTransformer 4L architecture.
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44  Stage 4 Fingerprint Based 2D CNN Models

In addition to the graph-based experiments, a second approach uses molecular
fingerprints encoded as 2D images and processed by a convolutional neural network. This
model is developed both as a standalone baseline and as a source of complementary

features for the hybrid model in Stage 6.
4.4.1 Fingerprint Representation

For each of nine fingerprint types (ECFP4, ECFC4, FCFP4, FCFC4, RDKS,
RDK6, RDK7, MACCS, Avalon), a 1,024-bit binary vector is computed using RDKit with
NBITS = 1,024. This vector is reshaped into a 32x32 matrix, representing a single-channel
2D image. This representation allows the CNN to capture spatial relationships between

fingerprint bits that encode structural features of the molecule.

s ™
Fingerprint Input

(All fingerprint types)

|

Conv2D Layer 1
32 filters, 3%x3,same padding
+ RelLU

!

Conv2D Layer 2
32 filters, 3%x3,same padding
+ RelLU

!

~
Conv2D Layer 3
32 filters, 3%x3,same padding
+ RelLU
— »)

|

Fully Connected (FC) Layers
512 — 128 — 64 — 1

, B

Predicted Value

&=

Figure 23: CNN architecture used for all fingerprints.
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4.4.2 Individual Fingerprint Evaluation

Each of the nine fingerprint types is trained independently using the CNN
architecture described before. The nine types evaluated are: ECFP4, ECFC4, FCFP4,
FCFC4, RDKS, RDK6, RDK7, MACCS, and Avalon.

4.4.3 Fingerprint Fusion: Concatenated 3-Channel 2D CNN

The three best-performing fingerprint types, Avalon, RDKS5, and ECFC4, are
combined to create a single multi-channel input. Each fingerprint type represents the

molecule from a different structural perspective.

The concatenated model uses the same architecture as the individual models
except that the first convolutional layer takes three channels as input: Conv2d (3—32).
All remaining layers, the training procedure, and the evaluation protocol are identical to

the individual fingerprint experiments.

50



CHAPTER 3 METHODOLOGY

Avalon RDKIit5 ECFC4
1024-bit 1024-bit 1024-bit

\; /

Stack .. 3x32x32

3-channel 2D image
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Conv2d(3 - 32, 3x3)
Conv2d(32 .. 32, 3x3)
Conv2d(32 .. 32, 3x3)
RelLU after each - same padding |
\ J
{ A\
Flatten .. FC 512
Dropout(0.1)
FC 128 . FC 64
Linear . 1
. J
| 1 :
Predicted LDso
& J/

Fusion (3-channel) model

Tor fi rprnts nbimed

Figure 24: Fusion 3-channel model combining Avalon, RDKit5, and ECFC4 fingerprints.

4.5  Stage 5 Physicochemical Descriptor MLP Baseline

A third baseline model is constructed using only the physicochemical descriptors
of each molecule, providing a representation complementary to both the graph-based and

fingerprint-based approaches.
4.5.1 Descriptor Computation

All 208 RDKit descriptors [28] are calculated for each molecule using the

Descriptors module. Any descriptors with NaN or infinite values are replaced with zero.
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The model is trained with the Adam optimizer (initial Ir = 1x1073, weight decay =

(1x107*). Training runs for a maximum of 500 epochs with batch size 64.

208 RDKIit descriptors

physicochemical features per molecule

StandardScaler

Linear(208 — 512) + RelLU
Dropout(0.3)

Linear(512 — 256) + ReLU
Dropout(0.3)

Linear(256 — 128) + ReLU
Dropout(0.3)

Linear(128 — 1)
Predicted LDso

Figure 25: Descriptor MLP architecture.

4.6 Stage 6 DeepToxiGraph Hybrid Model
Stage 6 develops the DeepToxiGraph hybrid model, which fuses three molecular
representations graph-based, fingerprint-based, and descriptor-based into a single unified

prediction. The motivation for fusion is that each representation encodes different aspects

of molecular structure that are not fully captured by any single view alone. Different
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molecular representations encode different aspects of molecular structure, and a model

with access to all three views is expected to generalize more robustly.
4.6.1 Architecture Overview

The DeepToxiGraph hybrid model consists of three encoding branches and a
shared prediction head. Each branch independently encodes its molecular representation
into a 256-dimensional embedding vector. The three embeddings are concatenated into a
single 768-dimensional vector (3 x 256), which is then passed through a sigmoid gate and

a three-layer FC head to produce the final log LDso prediction.

Molecular graph Fingerprints
4,096 bits (4 types)

Linear 4096 — 1024

RDKit descriptors

208 features (RobustScaler)

Linear 208 - 512
BN, RelLU, Dropout 0.2

GNN encoder

4 layers. 256-dim BN. Rel U BN, RelU, Dropout 0.2

Linear 1024 . 512 Linear 512 . 256
BN, RelLU, Dropout 0.2 BN, RelLU
Max+Add pool
Linear 512 . 256 256-dim z_desc
BN, ReLU
Linear 512 . 256 + RelLU
m ——

Concatenation — 768-dim + Sigmoid gate

sigmoid(Linear(768)) x 768-dim vector

FC:768 .512 .128 .1
BN, Dropout 0.2 (linear output)

Predicted log LDso value

Figure 26: DeepToxiGraph hybrid model.
4.6.2 GNN Branch

The GNN branch uses the same architecture from: four message-passing layers
with a 256-dimensional hidden representation, batch normalization after every
convolutional layer, and ReLU activations. The Max + Add concatenation is used. A single

linear projection layer (512 — 256) followed by ReLU maps this vector to the 256-
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dimensional branch embedding used in the fusion step. The model uses a Graph

Transformer encoder.
4.6.3 Fingerprint MLP Branch

The fingerprint branch concatenates three different types of binary fingerprints
into a single vector of 3,072 bits. The three types of fingerprints are: Avalon (1,024 bits),
RDKit (1,024 bits), and ECFP4 Morgan fingerprints with a radius of 2 (1,024 bits). A
fourth type of fingerprint, Atom-Pair fingerprints (1,024 bits), is also added to the
concatenation to produce a 4,096-bit vector. Atom-Pair fingerprints encode the distances
between every pair of atoms within the molecule and of what type each of those atoms is,
indicating the larger shape of the molecule - information that is not encoded by the circular
representations of the other three fingerprint types. This 4,096-bit vector is passed through
a four-layer MLP with dimensions 4096 — 1024 — 512 — 256, with batch normalization,
ReLU activation functions, and dropout with a probability of p = 0.2. The output of this
MLP is the 256-dimensional embedding.

4.6.4 Descriptor MLP Branch

The descriptor branch processes the 208 RDKit physicochemical descriptors,
standardized using a RobustScaler fitted on the training set. The branch uses a two-layer

MLP:

208 — 512 — 256, with batch normalization, ReLU activations, and Dropout (p = 0.2) .

The output is a 256-dimensional embedding.
4.6.5 Concatenation Fusion and Prediction Head

The three 256-dimensional branch embeddings z gnn, z fp, and z desc are
concatenated into a 768-dimensional vector. This vector is passed through a sigmoid gate
a learned linear layer that produces a 768-dimensional weight vector, which is multiplied
element-wise with the concatenated embedding to emphasise the most informative
dimensions before being passed into the prediction head. The prediction head consists of
three fully-connected layers: 768 — 512 — 128 — 1, with batch normalization and
Dropout (p = 0.2) and a linear output for the final layer. The scalar output is the predicted

log LDso value of the molecule.
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4.6.6 Training Configuration

The model is trained using AdamW with a learning rate of 1107 and a weight
decay of 1x10~* for 300 epochs using batches of 64 examples. The learning rate starts at
1x10~* and increases over the first 15 epochs to the target learning rate. After reaching the
target learning rate, it is halved if the model’s loss does not decrease for 25 consecutive
epochs, with a minimum learning rate of 5x107¢. The clipping value for gradient clipping
is 1.0 and the dropout value is 0.2 for all fully connected layers. All experiments use the

same random seed of 42.

5 Evaluation Metrics

All models are evaluated on the same test set using three complementary metrics
to determine their performance: Root Mean Squared Error (RMSE) [46], the coefficient
of determination (R?) [47], and the Pearson correlation coefficient (r) [48]. Using three
different metrics allows for a more complete understanding of the model’s performance

than using only a single metric.

Root Mean Squared Error (RMSE)

The Root Mean Squared Error takes the square root of the average of the squared
differences between predicted and true values. The result is expressed in the same physical
units as the targeted variable - directly interpretable with a heavy penalty placed on large
prediction errors [46]. Lower values indicate better performance as a predictor. The

RMSE is defined by:
RMSE =N( (1/n) Y (i = ¥)?)  (3.1)

where n is the number of compounds in the test set, y; is the experimental LDso

value for compound 1, and ¥; is the model’s prediction for the same compound.

Coefficient of Determination (R?)

The coefficient of determination measures the proportion of variance in the target
variable that is explained by the model [47]. It ranges from —oo to 1; a value of 1 indicates
perfect prediction, a value of 0 indicates that the model performs no better than predicting
the mean of the training set, and a negative value indicates a model worse than the mean

predictor. R? is computed by:
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RE=1=(L»i=y))/(Lyi=7) (3.2)
where ¥ is the mean of the experimental values in the test set. R? is selected as the

primary criterion in this work for choosing the final model and is reported alongside

RMSE for every experiment.

Pearson Correlation Coefficient (r)

The Pearson correlation coefficient measures the degree to which the predictions
follow the same trend as the real values [48]. It takes a value between -1 and 1, with 1
indicating a perfect agreement between the two sets of values, 0 indicating no link
between the two variables, and -1 indicating that the two variables have an opposite trend
to each other. The coefficient is useful in determining whether the model correctly ranks

the molecules from least to most toxic. It is calculated by:
r=(% 0= 9) /NS =9 G- 3)?) (3.3)

where ¥ and ¥ are respectively the means of the experimental and predicted values

in the test set.

Each model is evaluated on the test set. The model that achieved the best R? score

on the test set is saved and used for the final evaluation

6 Summary

This chapter describes the complete experimental methodology and dataset

splitting of DeepToxiGraph as a six-stage process, each stage addressing one question.

In Stage 1, nine different readout strategies are evaluated with the same fixed GNN
model to determine which strategy would be used in the remaining experiments. The

max-+add concatenation strategy is chosen for the remaining experiments.

In Stage 2, four different GNN models are evaluated with the same fixed
conditions to determine which two would be used in the remaining experiments. The
Graph Isomorphism Network and Graph Transformer models are chosen as the two best

performing models.

In Stage 3, different values for the depth of the models, the placement of batch
normalization layers within the models, and the training configuration of the two chosen

models are evaluated. Depths of 4, 5, and 6 layers are evaluated, with 10 different
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placements of batch normalization within the Graph Transformer models of depth 4. Then
the model is trained with a hidden dimension of 256 for 300 epochs using AdamW,
dropout, and gradient clipping.

In Stage 4, nine different fingerprint types are evaluated for encoding the
molecules as 2D images that are passed through a shared CNN. The three best-performing
fingerprint types are fused into a new model that also incorporates a shared CNN to

evaluate whether the fusion of these three fingerprints improves performance.

In Stage 5, an MLP is trained on 208 physicochemical descriptors to establish a

baseline for toxicity predictions.

In Stage 6, the graph, fingerprint, and descriptor representations from Stages 3, 4,
and 5 are fused together into a single DeepToxiGraph model. The embeddings for the
graphs, the fingerprints, and the descriptors are each encoded into 256-dimensional
vectors, and these three vectors are concatenated into a single 768-dimensional vector,
passed through a sigmoid gate, and then through a three-layer fully-connected head to

make a single prediction.
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1 Introduction

In this chapter, we present the implementation and results of the experimental
stages described in Chapter 3. Each stage builds on the design decisions of the previous
one, progressing from a readout strategy to standalone GNN models, fingerprint-based
2D CNN models, a physicochemical descriptor MLP baseline, and finally the hybrid
model. The dataset, molecular graph construction, and evaluation metrics used throughout
are described in detail in Chapter 3 (Sections 3.2 and 3.4). Results are reported in terms

of R?, RMSE, and Pearson correlation coefficient (r) on the test set.

2 Stage 1 Readout Strategy Results

As described in Section 3.3.1, nine readout strategies are evaluated on a fixed 3-
layer GCN with 128 hidden units and no batch normalization. Figure 27 presents the
resulting R? scores on the test set for each of the readout strategies. The nine different
readout strategies evaluated were: global mean pooling, global add pooling, global max
pooling, and all six ordered pairwise concatenations of those aggregations: Add+Mean,
Mean+Add, Add+Max, Max+Add, Mean+Max, and Max+Mean, each producing a vector
of dimension 2xhidden = 256.

3-Layer GCN: Comparison of Ordered Pairwise Pooling Strategies
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Figure 27: Test R? comparison of nine readout strategies on a 3-layer GCN.

As presented in Figure 27, the combined Max + Add readout achieved the highest
value of R* at 0.5398, which is higher than the values obtained by the remaining readouts:
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Add+Max has an R? of 0.5385, Mean+Add has an R? of 0.5281, global max pool has an
R? of 0.5256, global mean pool has an R? of 0.5226, Mean+Max has an R? of 0.5220,
Max-+Mean has an R? of 0.5219, global add pool has an R? of 0.5185, and Add+Mean has
an R? of 0.5173. These findings are in agreement with the literature, where it is stated that
pooling processes combining the max and add pooling methods work best, as the max
pooling helps to capture the most prominent atomic features in the molecule, while the
add pooling helps to determine the size of the molecule, and combining these two methods

allows for a more thorough representation of the molecule.

Table 5: Test R? scores for all readout strategies.

Max + Add (combined) 0.5398
Add + Max 0.5385

Mean + Add 0.5281
Global Max Pool 0.5256
Global Mean Pool 0.5226
Mean +Max 0.5220

Max + Mean 0.5219
Global Add Pool 0.5185
Add + Mean 0.517

Stage 2 GNN Architecture Results

Using the Max + Add readout fixed in Stage 1, four GNN architectures were
benchmarked under the same conditions (Section 4.2): GraphSAGE, GIN, GATv2, and
GraphTransformer. Figure 27 displays the test R? for each of these models.
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GNN Architectures — Max+Add Readout (3 layers, hidden=128, no BN)
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Figure 28: Test R? for GNN architectures with Max + Add readout.

Figure 28 reveals that GIN (R* = 0.5633) and GraphTransformer (R*> = 0.5617)
outperformed both the GraphSAGE and GATv2 models. The use of attention mechanisms
in both the GraphTransformer and the GraphSAGE models seemed to be better at
capturing the heterogeneous environments of the molecules within the dataset. The small
difference between each of the four models indicates that the choice of GNN architecture
may have just as much of an impact on the resulting R* as the choice of GNN message

passing function.

Table 6: Architecture comparison results.

GIN 0.5633 1%
GraphTransformer 0.5617 pac
GraphSAGE 0.5506 3rd
GATVv2 0.5489 4th

Based on these results, GIN and GraphTransformer were selected as the two

candidates to carry forward into the depth ablation study described in the next section.
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4 Stage3

4.1 Depth Results

Following the protocol

described

in Section 4.3.1, both GIN and

GraphTransformer were evaluated at depths of 4, 5, and 6 layers. The results of these

evaluations are presented in Figure 29 and Table 7.

Depth Ablation: GIN vs GraphTransformer (Max+Add readout)

0.57 705679
-@- GIN
GraphTransformer
0.56
0.5504
0.55 1
x
t,; 0.5429 0.5434
& ®
0.54 4
0.53 - 0.5294
.5220
0.52 - T T T
4 5 6

Number of layers

Figure 29: Depth ablation study comparing GIN and GraphTransformer across 4, 5, and 6 message-passing
layers using Max + Add readout (no BN).

The results show that GraphTransformer with 4 layers has the highest R* 0f 0.5679,

then GraphTransformer with 5 layers has 0.5504, and then GIN with 5 layers achieved

0.5434, but GraphTransformer is better. This indicates a difference from Stage 2 when the

GIN model beat GraphTransformer. This result suggests that GraphTransformer is more

sensitive to depth, as its performance drops more with each additional layer.

Table 7: Depth ablation results sorted by test R”.

GraphTransformer_L4 4 0.5679
GraphTransformer L5 5 0.5504
GIN LS 5 0.5434
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GIN L4 4 0.5429
GraphTransformer L6 6 0.5294
GIN L6 6 0.5220

Based on these findings, Graph Transformer with 4 layers was chosen as the
main GNN architecture to employ in the study of batch normalization placement (Section
4.3.2) before both architectures were considered for inclusion in the final GNN models

(Section 4.3.3).
4.2 Batch Normalization Placement Results

Following the depth selection, a batch normalization (BN) placement study was
conducted on Graph Transformer-4L as described in Section 4.3.2. Eleven configurations
were evaluated, varying where BN layers are inserted within the forward pass: after
individual convolutional layers (conv1 through conv5), after all five convolutional layers
simultaneously (convs_all), after FC layers only (FC1 only, FC2 only, FC both), after
every layer (BN _all), and a no-BN baseline. All other hyperparameters remained identical

across configurations.

Table 8: Batch normalization placement results for GI-4L, sorted by test R°.

Conv 14+ FC1 +

GT4L_BN _all FC2 0.5906 0.4381
GT4L _BN_FC both FC1 + FC2 only 0.5816 0.4429
GT4L BN convs_all Conv 1-4 0.5787 0.4444

GT4L BN _conv4 Conv 4 only 0.5781 0.4447
GT4L BN _FC1_ only FC1 only 0.5769 0.4454
GT4L BN conv3 Conv 3 only 0.5767 0.4455
GT4L BN FC2 only FC1 only 0.5727 0.4476
GT4L BN convl Conv 1 only 0.5685 0.4489
GT4L BN _conv2 Conv 2 only 0.5663 0.4509
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As shown in Table 8, GT4L BN all achieved the highest R? of 0.5906 and the
lowest RMSE of 0.4381. The R? value of the model without Batch Normalization was
0.5679, indicating that BN adds benefit to the model regardless of where it is applied to
the model. The model with BN only in the two FC layers achieved the second highest R?

of 0.5816. BN applied to all layers was chosen as the standard normalization strategy to

be utilized in all experiments.
43  Final GNN Configuration Results

Following the BN placement study (Section 4.3.2), which identified BN _all as the
optimal configuration, GraphTransformer-4L was trained under the final fully regularized

settings described in Section 4.3.3: hidden dimension 256, 300 epochs.

GraphTransformer_4L BN_all_h256
RMSE = 0.4348 R?=0.5968 r=0.7777

-=- y = X (perfect) ’

Predicted LDso

T T T T T

1 2 3 4 5 6 7 8
True LDso

Figure 30: Predicted vs. True LDso scatter plot for GraphTransformer.
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Figure 30 and illustrate the improvement of model through the scaling of the
hidden dimension and training duration. For the scaling of these two parameters,
GraphTransformer achieved an R? 0o 0.5968, an RMSE 01 0.4348, and an r value of 0.7777.
The scatter plot for model indicate a good correlation between the predicted and observed
LDso values, as evidenced by the distribution of the data points along the identity diagonal

line.

5 Stage 4 Fingerprint-Based 2D CNN Models

5.1 Individual Fingerprint Results

As described in Section 4.4.2, nine molecular fingerprint types were each evaluated
using a 2D CNN model trained under identical conditions. The results of each of these

models are provided in Table 9.

Table 9: Performance of nine fingerprint types on the LDso test set using the 2D CNN.

Sorted by R? descending.
I
Avalon 0.5527 0.4579 0.7520
RDKS 0.5295 0.4696 0.7377
ECFC4 0.5291 0.4698 0.7312
ECFP4 0.5225 0.4731 0.7277
RDKe6 0.5210 0.4739 0.7294
RDK?7 0.5028 0.4828 0.7185
MACCS 0.5016 0.4834 0.7191
FCFC4 0.5009 0.4837 0.7152
FCFP4 0.4952 0.4865 0.7159

Avalon achieved the best individual performance with R* = 0.5527 and RMSE =
0.4579, followed by RDKS5 (R? = 0.5295) and ECFC4 (R? = 0.5291). FCFP4 and FCFC4
recorded the lowest R? values, while MACCS keys achieved R? = 0.5016.
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5.2 Fingerprint Fusion Results

Following the individual fingerprint evaluation described in Section 4.4.3, the top-3
fingerprints (Avalon, RDKS5, and ECFC4) were fused into a 3-channel 2D CNN model as

described in Section 4.4.3. Results are shown in Table 10.

Table 10: Comparison of individual fingerprint models and the concatenated 3-channel

CNN fusion on the LD:so test set.

Avalon 0.5527 0.4579 0.7520
(individual)
RDKS 0.5295 0.4696 0.7377
(individual)
ECFC4 0.5291 0.4698 0.7312
(individual)
3-channel CNN 0.5624 0.4529 0.7561
(fusion)

The 3-channel fusion model achieved R? = 0.5624 outperforming all three individual

models. This indicates that fusion is better.
6 Stage 5 Physicochemical Descriptor MLP

As described in Section 4.5.1, a plain MLP was trained on the 208 RDKit
physicochemical descriptors only, with no graph or fingerprint representation of the

molecules. The results are presented in Figures 31 and Table 11.
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Predicted vs True (R?=0.589)

-== |deal o

Predicted log(LDso)

1 2 3 4 5 6 7 8
True log(LDso)

Figure 31: Predicted vs. true log LDso scatter.

Table 11: Final test-set performance of the Descriptor MLP.

R? 0.5890
RMSE 0.4389
Pearson r 0.7734

The descriptor MLP achieved an R? of 0.5890 and RMSE of 0.4389, outperforming
all individual fingerprint models (best: Avalon, R? = 0.5527) and the 3-channel fusion
model (R?=0.5624).

7 Stage 6 DeepToxiGraph Hybrid Model Results

The DeepToxiGraph model is a hybrid model that takes the three different molecular
representations described in Chapter 3. These three representations are the GNN graph
embedding (GraphTransformer), the 4096-bit fingerprint representation (Avalon + RDKit +
ECFP4+ Atom-Pair), and 208 RDKit descriptors. Each of these representations is passed
through separate branches to create three 256-bit embeddings, which are then concatenated
and passed through the shared fully connected layer that was described for each of the three

branches.
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Rz = 0.6307 RMSE = 0.4161 r = 0.7952

Predicted LDso

T T T T T T T

1 2 3 4 5 6 7 8
True LDso

Figure 32: Scatter plot for Hybrid_GT4L (R? = 0.6307, RMSE = 0.4161, r = 0.7952).

The results of the hybrid model were better than any of the individual GNN models.
Table 12 reports that Hybrid_GT model achieved an R? of 0.6307, an RMSE of 0.4161,
and an r of 0.7952. This result for the hybrid model is better than that of the individual
GNN models. The scatter plot in Figure 32 indicates that the predictions of the hybrid

model are more closely clustered around the identity line and have fewer extreme outliers.
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Table 12: Final performance comparison standalone GNN models vs Hybrid.

GraphTransformer (4L,
Hybrid GT 0.6307 0.4161 0.7952
h=256)
GraphTransformer GraphTransformer (4L,
0.5968 0.4348 0.7777
standalone h=256)

Comparing the hybrid model to the standalone GraphTransformer, the results
indicate that the Hybrid GT model outperforms the standalone model in all three metrics,
achieving an R? of 0.6307 compared to 0.5968, an RMSE of 0.4161 compared to 0.4348,
and a Pearson r of 0.7952 compared to 0.7777. This confirms that the fusion of the three
branches adds predictive value beyond what the GNN branch can achieve alone. The
relatively modest improvement suggests that the limitation of the model is not the Graph
Neural Network itself, but the fusion of the three branches. Creating a smarter fusion

mechanism would be the most impactful direction for future development of this work.
8 Comparison with Related Work

To place the performance of DeepToxiGraph in context, Table 13 compares it with
previously published models evaluated on the same acute-toxicity LDso task, and where
possible on the same TOXRIC mouse intraperitoneal LDso endpoint used in this work.
The most directly comparable study is that of Saravanan et al. [35], who applied a Graph
Convolutional Network regression model to the same TOXRIC mouse intraperitoneal
endpoint and reported a Pearson correlation of 0.76. ToxiGraphNet [49] is a more recent
graph neural network trained on a curated LDso set, reporting an R* of 0.5959, and the
TOXRIC database paper [11] provides Random Forest baselines on this endpoint.
Because dataset size, splitting, and pre-processing differ slightly between studies, these
numbers are indicative rather than a perfectly controlled benchmark; the comparison is

therefore interpreted qualitatively.
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Table 13: Comparison of DeepToxiGraph with related LDso prediction models.

Study / Model Dataset / endpoint Reported result

Graph Convolutional

Saravanan et al. [35] TOXRIC mouse i.p. LDso r=0.76
Network
) GNN (NNConv)
ToxiGraphNet [49] ) Curated LDso set Rz=0.5959
regression
This work Hybrid GNN + FP + R>=0.6307,r =
TOXRIC mouse i.p. LDso
(DeepToxiGraph) descriptor 0.7952

On the same TOXRIC mouse intraperitoneal LDso endpoint, the DeepToxiGraph
hybrid model (R? = 0.6307, r = 0.7952) achieves a higher Pearson correlation than the
Graph Convolutional Network of Saravanan et al. [35] (r=0.76), and a higher R? than the
ToxiGraphNet model [49] (R* = 0.5959). Two factors plausibly explain this improvement.
First, DeepToxiGraph uses a Graph Transformer encoder rather than a plain graph
convolution, which captures longer-range relationships between atoms. Second, and more
importantly, the hybrid model fuses three complementary molecular representations —
graph embeddings, fingerprint-derived features, and physicochemical descriptors —
whereas the compared models rely on a single graph-based view. These results indicate
that, on this dataset, combining multiple molecular representations is an effective way to
improve LDso regression performance. It should be noted that the studies do not use an
identical train/test split, so the comparison establishes that DeepToxiGraph is competitive
with and generally outperforms comparable published models rather than constituting a

strictly controlled benchmark.
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Rank Molecule 1D Predicted | Differe nce |
1 a2

2,951572 2,951565 0,000006
2 9559 3,160563 3,160524 0,000039
3 617 3,306773 3,306895 0,000122
4 4482 2,643884 2,643751 0,000134
5 337 2,689755 2,689606 0,000149
= 3647 2,583379 2,583537 0,000158
7 7239 2,185804 2,185643 0,000161
B 2401 2,640011 2,639793 0,000218
g 3796 3,254769 3,254539 0,000229
10 6077 2,945106 2,945343 0,000237
11 3472 3,158379 3,158660 0,000281
12 2815 3,241095 3,241405 0,000311
13 5807 3,486924 3,487237 0,000313
14 3733 2,616148 2,615829 0,000319
15 TEET 3,011274 3,010912 0,000362
16 7226 2,B01928 2,B01565 0,000363
17 4664 2,685143 2,694750 0,000393
18 1197 3,223384 3,223779 0,000394
19 4781 2,577399 2,576978 0,000421
20 10097 3,053584 3,053160 0,000424
21 5306 2,906426 2,995921 0,000505
22 B720 2,795672 2,796191 0,000519
23 79E7 2,461991 2,461422 0,000562
24 7023 2,579794 2,579223 0,000571
25 4768 2,761109 2,761683 0,000574
26 10269 3,566402 3,566985 0,000582
27 10074 2,630666 2,630025 0,000640
28 1384 2,671300 2,670657 0,000644
29 6173 2,396600 2,385943 0,000657

Figure 33: Hybrid Model: Ranked predictions sorted by ascending absolute error, showing the top 29 most
accurate molecule predictions.

The Hybrid model does a great job of successfully predicting the values of the best-
ranking molecules within the database. Figure 33 displays the difference between the actual
and predicted values for each molecule within the database. The molecule with the highest
rank had a difference of only 0.000006 between its actual and predicted molecular value. For
all of the other molecules with the highest predicted values, the difference between the actual

and predicted values was below 0.001.
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For some of the worst performing molecules within the database, however, the
difference between the actual and predicted values for those molecules reaches as high as

4.0.

The model excellently predicts the values of the best-ranking molecules within the

database, but struggles with other types of molecules within the database altogether.

9 Application

A web application was developed that deploys the DeepToxiGraph hybrid model,
allowing any researcher to obtain the predicted LDso of a chemical compound from its
SMILES string without writing any code. The Hybrid GT model is deployed within this
application, with its weights from the graphtransformer weights.pt file exported to the
ONNX format. The application was built using React, Vite, and TypeScript for the frontend,
which runs on Node.js. The backend is implemented in Python. The SMILES strings
provided by users are displayed as chemical structures within the web application using the
@rdkit/rdkit JavaScript library, which utilizes the same chemistry library as DeepToxiGraph
during training. The web application also displays the results of the experiments performed

during this study to give context to the LDso values that are provided.

) I GRAPH
e Hubrid_GT - R* 0.6307

b h GraphTransformer-4L + FP-MLP + Desc-MLP

Predict Toxicity
from a single SMILES string

Paste any SMILES substructures driving the

A SMILES input

bri nlin:
CC(=0)0clcccecclC(=0)0 B Predict toxicity
T irir ffeil Nis i > Jer
L View full study
Browser Kit-JS

& Molecular analysis

Figure 34: DeepToxiGraph web application interface.
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The interface provides a SMILES input field where the user can enter any
molecule of their choice or select one of pre-loaded examples, and shows the molecular
analysis panel with the canonical SMILES, InChIKey, chemical class, and

physicochemical descriptors.

After entering a SMILES string and clicking the “Predict LDso” button, the web
site displays the 3D molecular structure, the 2D structure, and the predicted LDso value

along with the toxicity classification, as shown in the following figures

& 3D structure ETKDG  UFF - RDKit = (@LIERIERY stick sSphere Line O

Figure 35: 3D molecular structure of the input molecule.

The 3D structure is computed on the Python backend using RDKit ETKDG
embedding followed by UFF force-field optimisation. The user can rotate, zoom, and

switch between ball-and-stick, stick, sphere, or line rendering modes.
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% 2D structure

Figure 36: 2D molecular structure of the input molecule.

The 2D structure is rendered directly in the browser from the canonical SMILES
using the @rdkit/rdkit JavaScript library, giving a clear schematic of atoms, bonds, and

functional groups.

A- MODERATE

Predicted Toxicity

Figure 37: Prediction output of the DeepToxiGraph web site.

The panel reports the predicted -log(mol/kg) LDso value (2.430 for Aspirin), a rule-
based estimate, and a toxicity classification (Moderate). A colour-coded scale positions
the prediction between low and high toxicity, and the toxicophore panel reports whether
any known structural alerts were detected.

The web application also displays the results of experiments performed during
the study, giving researchers meaningful context for interpreting the predicted LDso

values in comparison to known benchmarks.
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10 Summary

In this chapter, the results of the experimental stages of the DeepToxiGraph
framework are presented. Each of the experiments were performed in stages, with each
stage building upon the decisions made confirmed in the previous experiment. Such
experiments included testing each of the GNN models, the 2D CNN models that used
molecular fingerprints, the MLP that used physicochemical descriptors, and, finally, the
test of the hybrid model. The main conclusions that were made from these experiments

are as follows:

e The strategies that combined max and add pooling outperformed those that used a

single pooling method.

e Of'the five different GNN that were tested, the best results were seen with both the
GraphTransformer and GIN models. The GraphTransformer model achieved the

best performance with four layers.

e Increasing the hidden dimension to 256 in the GraphTransformer-4L standalone
model, training for 300 epochs with batch normalization and full regularization,

increased the R? score to 0.5968.

e Within the nine different types of molecular fingerprints that were tested with the 2D
CNNs, the Avalon fingerprints were the best at performing individually. When the
top three fingerprint types were fused into a 3-channel CNN, the resulting model had
an R? score of 0.5624, indicating that combining these representations of the
molecules led to a better representation of those molecules than using the best

fingerprint type (R* = 0.5527) alone.

e The MLP that used 208 different RDKit descriptors achieved an R? score of 0.5890
with the physicochemical descriptors of the molecules, indicating that, overall, these
properties were the most important for predicting LDso and outperformed all

individual fingerprint models and the 3-channel CNN fusion model.

e The Hybrid model that used the embeddings of the molecules that were represented
by the GNNSs, as well as the molecular and physicochemical descriptors, achieved
the highest value of R? and the lowest RMSE of any of the models tested. Specifically,
the Hybrid GT model achieved an R? score of 0.6307 and an RMSE 0f 0.4161 on the

test set.
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A web application was developed that deploys the DeepToxiGraph hybrid model,
allowing researchers to obtain the predicted LDso value of any chemical compound
from its SMILES string without writing any code. The application displays the 2D
and 3D molecular structures, computes physicochemical descriptors, and outputs the

predicted LDso value along with its toxicity level
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General conclusion

The task of predicting the acute toxicity of a molecule based upon its chemical
structure is a problem that exists at the intersection of several different fields: chemistry,
biology, and machine learning. Deep learning methods have been used to approach this
problem over the past decade, moving from the use of handcrafted molecular structure
descriptors to learned representations of the molecules. Graph neural networks are perhaps
the most natural approach to the problem, as they are essentially models that are applied to
the molecule as a graph to determine which aspects of its structure are important for

predicting its toxicity.

DeepToxiGraph was built in order to answer two specific questions regarding the
field. The first is: Do the different possible architectures for GNNs exhibit different abilities
to accurately predict the toxicity of compounds? The second question is, does a model that
incorporates both graph representations, fingerprint representations, and descriptor
representations lead to better predictions than models that use only one of those
representations? Both of these questions were answered through a series of experiments

performed on the LDso dataset from the TOXRIC database.

The results of the experiments indicated that the GNN architectures and the
placement of batch normalization had an effect on the models' predictive abilities. Graph
Transformer models with four message-passing layers and batch normalization after every
convolutional and fully-connected layer outperformed the other architectures tested. The
Graph Transformer was therefore selected as the GNN branch encoder of the hybrid
DeepToxiGraph model. The hybrid model, which simultaneously uses graph, fingerprint,
and descriptor representations of each molecule, was found to outperform the best individual

models, achieving an R? of 0.6307 compared to 0.5968 for the standalone Graph Transformer.

Despite the successful performance of DeepToxiGraph in answering the questions
posed, there are also some limitations to the model. For example, DeepToxiGraph was
trained only on the mouse intraperitoneal LDso endpoint. Other types of toxicity need to be
accounted for, such as hepatotoxicity, mutagenicity, and carcinogenicity. DeepToxiGraph
fuses the three representations through a sigmoid-gated concatenation; more sophisticated
fusion strategies such as cross-attention may yield further improvements. DeepToxiGraph

does not incorporate representations of the three-dimensional structure of the compounds or
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their quantum chemical features, these features have been effective within other types of

machine learning models for predicting the toxicity of compounds.

Several directions are envisioned for future work. The model could be extended to
multi-task learning across the multiple toxicity endpoints available in TOXRIC, allowing a
shared molecular representation to transfer information between routes of administration.
The GNN branch could be enriched with three-dimensional conformational information,
which the current 2D graph representation does not capture. The sigmoid-gate fusion could
be replaced by a cross-attention mechanism between the three branches, enabling adaptive
weighting per molecule. Explainability methods such as GNNExplainer could be applied to
identify the atoms and substructures most responsible for a given LDso prediction. Finally,
the methodology could be transferred to other molecular property-prediction tasks such as
solubility, lipophilicity, or bioactivity, and integrated into the DeepToxiGraph web site as

additional features.
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