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In recent years, deep learning models have shown their great potential in the field of repre-
sentation learning. Unfortunately, unlike the established deep learning-based methodologies that
have achieved human-level accuracy in various application domains such as computer vision and
speech recognition, the development of molecular modeling is still at an early stage. This seems to
be mainly caused by the inductive biases of molecules that are completely different from those of
image, and the lack of sufficiently large and reliable chemical data.

Therefore, the main research problem addressed in this Thesis involves learning representa-

tion that aims at improving drug discovery and development process. As a result, three different
deep learning - based architectures are offered to create a meaningful embedding given a molec-
ular structure. In order to assess the impact of the models, a variety of tests on classification and
regression tasks are performed.

To specify, in this Thesis, the author proposes solutions for three different tasks:

• The classification task. Here, the author applies the developed model to detect bioactive
chemical compounds.

• The classification, regression and interpretability task. Here, the author applies the developed
model to predict molecular toxicity.

• Deep representation learning of graphs and sequences. Here, the author applies the devel-
oped model to evaluate whether the candidate drug and a target protein are interacting.

The Thesis consists of an introduction, four chapters, a conclusion and an appendix.
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Chapter I - Introduction

Over the years, scientists have noticed that the choice and quality of the data representation, or
features in the data used to train a machine learning model directly affect the final performance of
used approach. It is also not surprising that algorithm’s usefulness depends on the task. However,
one can always indicate sets of features considered as representative that are treated as reflection
of what the data is like. Then, these features could be used as input for various tasks such as
classification or prediction. Therefore, working on learning representation, in some cases can be
beneficial, for example, when data featurization is employed, especially dealing with small datasets.

In general, the concept of representation learning means learning a parameter-function map
from the raw input data domain to a feature vector or tensor. The goal is to detect and extract
abstract, or higher conceptual level ideas in order to boost the performance of a system over the
unseen data. What is more, the dimensionality of the input domain is usually high since the objects
such as videos, images, or text are taken into consideration. However, the encoded representation is
associated with a low-dimensional manifold. In this regard, although there are many dimension re-
duction techniques that offer the ability to make high dimensional data space simpler, such methods
often do not capture a mapping that is relevant for new data samples. Interestingly, representation
learning is developed for doing this job.

In conventional machine learning, one begins with a specific challenge for which there is the
training data available. Then, the data is pre-processed, transformed, fed into the machine learning
pipeline, and a solution is returned. Here, the learning part includes only a making decision based
on the approximation of the data unknown mapping. In turn, one of the driving factors of the
success of deep learning lies in its ability to learn compact and expressive representations directly
from the observed data. Furthermore, the availability of programmable highly-parallel hardware,
especially graphics processing units (GPUs) caused that hand-crafted features have been replaced
by feature learning mechanism. In consequence, the development of architecture-engineering has
had a tremendous influence in the field of representation learning. In addition, in the last few years
a number of novel deep learning architectures and building blocks have been published reporting
superior performance.

First of all, there is no single definition of what it means to learn a representation. Undoubtedly,
an intuition is that a good representation makes the learning task easier. A few years ago, Bengio,
Courville and Vincent [1] focused on a few essential aspects of good representations. According
to their investigation, a list of prior factors can be introduced. Examples include local smoothness
of input, spatial and temporal coherence in a sequence of inputs is observed, or a hierarchical
organization of multiple explanatory factors. In addition, factors are related to each other through
simple, usually linear dependencies, and factors that are shared with other tasks, also share the
statistical power across tasks.
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The significance of representations of molecules have attracted a great deal of interest in the
decades of drug discovery research [2]. A molecule is commonly-seen as a group of atoms held to-
gether by bonds. Unfortunately, this representation is itself insufficient for understanding chemical
space and solving various problems such as properties prediction [3]. Therefore, given the role and
applications of molecular design, several new approaches have to be explored. As a result, in the
Thesis, a molecular representation R is a mapping from drug-like molecules M to some set X .

In spite of the notable advantages of deep learning, challenges in applying deep learning to
the cheminformatics domain still remain. For instance, data remains an open challenge. Firstly,
the enormous space of valid chemical compounds is estimated to be around 1060 [4]. Given the
vastness of drug-like chemical space, the efficient and automated methods for development for var-
ious applications are needed. Furthermore, the training data is limited for the current challenges in
drug discovery. Another aspect that is relevant and should be noted is data bias and data imbalance
problems. In addition, in contrast to computer vision or natural language processing fields, the ac-
quisition of the labels to the specific problem is significantly harder to many orders of magnitude.
It is caused by the fact that the labels can only be obtained through lab experiments.

In the view of the above, this Thesis, is dedicated to elaborate upon representation learning,
whereby the focus is on three big topics: classification, regression, and deep representation learn-
ing of graphs and sequences. Besides, model interpretability is discussed in an ongoing fashion.
The findings are underpinned through several experiments with a focus on the selected serious
challenges that exist in chemistry such as bioactivity prediction, toxicity prediction and drug-target
interaction prediction.

Chapter II - Background: cheminformatics and learning representations for
molecular data

This chapter provides the foundation on which the study is built, the background information re-
lated to existing molecular models and challenges faced by cheminformatics. The author explains
that drug design is not straightforward and is still in its infancy. Indeed, the process of drug dis-
covery suffers from the huge computation cost and time-consuming procedures, which limits its
application in pharmaceutical industry [5]. To give an illustrative example, existing drug discovery
pipelines take 5-10 years with a cost counted in billions of dollars. Therefore, cheminformatics,
especially deep neural network-based techniques can be a game changer in various areas of CADD
(Computer-Aided Drug Design).

The driving force behind this lies in the fact that deep learning-based approaches enable to
learn compact and expressive representations directly from the observed data. Generally, the cur-
rent works along the line of deep learning for molecules can be categorized into two main groups
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according to the input data type of chemical compound, string-based methodologies and graph-
based methodologies. Specifically, SMILES (simplified molecular-input line-entry system) is a
sequence notation encoding a molecule into a character string that follows a specified grammar [6].
However, a chemical compound can also be naturally seen as a graph with nodes corresponding
to atoms and edges corresponding to bonds, and one may learn on a molecular structure. Viewing
molecule structure as graph data, leads to graph neural networks-based (GNNs) [7, 8] architectures.

Even though a graph-based approach has already led to the development of the state-of-the-art
improvements, more computational methods are required to handle chemical structure that could
support more effective DNN-based drug discovery. For instance, the scarcity of labeled data brings
serious challenges for deep learning in molecular representation. It is caused by the errors and the
fact that lab experiments are costly [9, 10]. In consequence, training datasets used in cheminfor-
matics problems are often limited in size. In turn, this results in overfitting and finally the learned
representations lack of generalizability [11]. For this reason, to address the above issue, one has to
design a more powerful models that exhibit scalability and accuracy to express a great variety of
molecules. In addition, another problem that needs to be discussed is the limited structural infor-
mation incorporated into existing deep models. Although treating a chemical compound as a set
of atoms and bonds is reasonable, one should take into consideration the fact that it also consists
of various molecular dependencies that cannot be missed. In particular, structural dependencies
between nodes and edges, and interactions must be identified.

Therefore, in the Thesis three different deep learning - based architectures are offered to create
a meaningful embedding given a molecular structure. They are introduced in Chapter III, Chapter
IV and Chapter V. In order to assess the impact of the models, several experiments on classification
and regression tasks are presented.

Chapter III - Learning Hybrid Representation for Classification

An important step in the drug discovery pipeline is to predict molecular bioactivity. This is caused
by the fact that the discovery of a new drug involves testing small molecules for their ability to bind
to the target receptor [12]. Since the task is to separate the active chemical compounds from the
inactives, the classification task is usually suggested. As a result, in the last decades, many compu-
tational methodologies have been proposed and widely developed to expedite the process of identi-
fication of active molecules. In fact, a series of approaches exploring quantitative structure-activity
relationships (QSAR) have been developed [13]. Most of them focus on similarity searching -
based methods [14]. In addition, typically, the development of a reliable computational methodol-
ogy needs a high-quality descriptors [15].

Albeit powerful, the traditional machine learning methods often lead to the insufficient out-
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comes. Recently, there has been deep learning architectures successfully applied on molecular
data, too. Nevertheless, in practice, dealing with neural networks poses several unique challenges.
First, the available models usually need a large and high-quality data. Second, the increasing depth
and width of deep architectures has also an influence on growth in computation. Third, as the
model is not completely aware of the structural information related to the molecule, it cannot infer
any significant molecular dependencies. In Chapter III, the above-mentioned gap is bridged by
providing a workflow procedure, named Hybrid Deep Neural Network (HybNN).

Method

Results

The author uses fourteen binary classification datasets in the experiments to test the performance of
HybNN. The datasets are derived from the PubChem database [16]. Each dataset includes binary
labels on its bioactivity property toward the targets.

The well-designed experiments demonstrate the effectiveness of HybNN from various aspects:
1) predictive performance on validation sets; 2) predictive performance on test sets; 3) analysis
how fast a learning machine improves its behaviour; 4) the impact of chemical diversity; 5) the
verification of transferability; 6) the influence of varied number of SGRU layers; 7) the impact of
the single blocks. The chapter shows extensive comparisons with various approaches, including
traditional machine learning methods and deep learning-based models. The outcomes reveal that
HybNN can outperform baselines in predicting bioactivity on all datasets.

Chapter IV - Learning A Fragment-Oriented Representation for Supervised
Learning Problems

Undoubtedly, a challenge in machine learning and deep learning is sample size. Overall, the prob-
lem is as follows: training a learning model needs enough data to prevent overfitting and extract
valuable insight to learn representations. As a consequence, when one has not sufficient data for a
learning task, it is hard to use the model and make the model interpretable. Therefore, Chapter IV
tackles the challenge of representation learning when the dataset is quite small and biased. In the
second contribution, the author casts this problem into a problem involving molecular data where
the task is to predict molecular properties.

At the same time, many studies indicate that poor toxicity remain major limiting aspect of drug
discovery [17]. One strategy that has been widely employed is in vivo methodology. However, time-
consuming wet-lab experiments or simulations result in a limited number of chemical compounds
with validated properties [18]. In addition, it happens that they do not necessarily scale between
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animal models and humans. To address these issues, there has recently been a shift towards in vitro

and to machine learning based in silico techniques.
To foster further development and to better understand the underlying mechanisms of action

of various toxic chemicals, the author proposes Subgraph Encoded Neural Network (SENN) that
investigates the role of atoms connections in the molecular graph and global molecular features.

Method

The entire architecture of Subgraph Encoded Neural Network (SENN) could be split into seven
parts in a high-level discussion. The initial input to the SENN is a graph G that represents a
molecule. Thus, at the beginning, a set of atom attributes is assigned to each vertex and each
edge is also associated with its weight. The weight equals the multiplicity of the bond it refers to.
Then, the graph G is preprocessed to obtain the subgraphs, fed into a graph convolutional neural
network and the embedding outG is returned. This representation is concatenated with a vector
of properties outatt. In this case, the properties are connected with the selected attributes of the
chemical compound. They include the features extracted by ChemoPy [19] such as a molecular
weight or a number of rotatable bonds. The combined representations form a feature vector that is
the input to a few linear layers with a dropout, and a final task layer.

However, as it was mentioned, before the final task is performed, the graph embedding opera-
tion and GCN are concerned. Therefore, firstly, for a given graph G, all distinct k-path subgraphs
are extracted. Then, a random unit-norm vector is associated with each subgraph. And from that
time, the embeddings assigned to vertices are updated by GCN’s layers. Specifically, each vector
is replaced with the average over all vectors in its neighbourhood. Next, a linear transformation
is applied. As a result, the computed vertex embeddings are averaged and a d0-dimensional graph
representation is obtained.

Results

Multiple toxicity-related datasets are adopted for regression and classification tasks. For a classifi-
cation task, the dataset was taken from the Tox21 Data Challenge [20] in both SDF and SMILES
formats. The data consists of approximately 12 000 compounds and includes twelve different sub-
challenges/tasks. In turn, for a regression task, four toxicity - related data sets were employed
[21].

In the experiments, SENN is compared with five state-of-the art models, including both tra-
ditional machine learning approach and deep learning methodologies. In general, SENN shows
satisfactory outcomes. For instance, on the AR toxicity dataset, SENN obtains significantly better
AUC-ROC score (0.802 ± 0.006) than that by the well-known prediction approaches.
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Chapter V - Deep Representation Learning of Graphs and Sequences

Among computational approaches to drug development, scientific community has already made
tremendous progress in the identification of drug-target interactions (DTI) [22]. In the pharma-
ceutical sciences, a drug target is a chemical compound that is capable of binding to drugs and
producing effects in cells. Proteins are considered as the obvious molecular targets [23].

DTI is significant, especially for finding effective and safe treatments. It is also worth to men-
tion that majority of the existing DTI works have formulated the DTI prediction task as a binary
classification. Of course, in the literature, there is a great variety of in silico proposals about DTI
prediction. Nevertheless, the existing approaches have found a few relevant drawbacks. Firstly,
these methodologies usually need large number of known binding data. In consequence, the pre-
diction results are not satisfactory when one works with a small amount of known data. Secondly,
the performance is much worse if the three-dimensional structures of the target protein are not
available.

To address the aforementioned shortcomings, a novel DTI prediction methodology, called Triplet
Encoded Neural Network (TENN) is introduced. TENN aims to identify the drug-target inter-
actions by exploiting the existing topological structure of drug molecules, along with modeling
spatio-sequential information.

Method

Triplet Encoded Neural Network (TENN) contains three components. First of all, the hetero-
geneous network is constructed by integrating a variety of drug and protein related information
sources in a form of three components. In the second step, the high-dimensional features of drugs
and proteins are combined and reduced by adopting a set of linear layers with dropout, and the
low-dimensional representation is obtained. Finally, the association between each pair of drugs
and proteins is predicted.

Results

In order to evaluate the proposed methodology, the author used the data from the BindingDB [24]
database that contains experimentally determined binding affinities on the interactions of target
proteins with small, drug-like molecules. Also, DTIs from DrugBank [25] were employed.

The core advantage of TENN is the ability to handle the low dimensional feature vectors and
predict the probability of interaction between each pair of drugs and proteins. The computational
experiments reveal that if one extracts the global information of protein sequences and drug com-
pounds, it leads to not only improvement in the efficiency of DTI, but enables to detect more
complex interactions. Moreover, the outcomes indicate that TENN is better than the other four
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state-of-the-art approaches. Although the research on TENN focuses on the application to the
problems in chemistry, the proposed methodology is universal and could be employed to model
various interactions in the world.

Chapter VI - Afterword

The conclusion from this Ph.D. Thesis is that the proposed methodologies bring progress. However,
important open challenges remain. First of all, the author suggests that future work on explanatory
techniques would be necessary for proper usage of the presented approaches in practice. Secondly,
the introduced algorithms can further be improved. A possible future direction could be the use of
the few-shot learning concept.

Appendix

This chapter first presents a thorough introduction to the most relevant classes of deep learning
models to build a ground for the Thesis. In this context, the author starts with discussing state-of-
the-art feed forward architectures and temporal neural models. Then, the milestones of supervised
learning are briefly mentioned.
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