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ABSTRACT

Basic structural features and physicochemical properties of chemical
molecules determine their behaviour during chemical, physical, biological and
environmental processes and hence need to be investigated for determining and
modelling the actions of the molecule. Computational approaches such as machine
learning methods are alternatives to predict physiochemical properties of molecules
based on their structures. However, limited accuracy and error rates of these
predictions restrict their use. This study developed three classes of new methods based
on deep learning convolutional neural network for bioactivity prediction of chemical
compounds. The molecules are represented as a convolutional neural network (CNN)
with new matrix format to represent the molecular structures. The first class of
methods involved the introduction of three new molecular descriptors, namely
Mol2toxicophore based on molecular interaction with toxicophores features, Mol2Fgs
based on distributed representation for constructing abstract features maps of a
selected set of small molecules, and Mol2mat, which is a molecular matrix
representation adapted from the well-known 2D-fingerprint descriptors. The second
class of methods was based on merging multi-CNN models that combined all the
molecular representations. The third class of methods was based on automatic learning
of features using values within the neurons of the last layer in the proposed CNN
architecture. To evaluate the performance of the methods, a series of experiments were
conducted using two standard datasets, namely MDL Drug Data Report (MDDR) and
Sutherland datasets. The MDDR datasets comprised 10 homogeneous and 10
heterogeneous activity classes, whilst Sutherland datasets comprised four
homogeneous activity classes. Based on the experiments, the Mol2toxicophore
showed satisfactory prediction rates of 92% and 80% for homogeneous and
heterogeneous activity classes, respectively. The Mol2Fgs was better than
Mol2toxicophore with prediction accuracy result of 95% for homogeneous and 90%
for heterogeneous activity classes. The Mol2mat molecular representation had the
highest prediction accuracy with 97% and 94% for homogeneous and heterogeneous
datasets, respectively. The combined multi-CNN model leveraging on the knowledge
acquired from the three molecular presentations produced better accuracy rate of 99%
for the homogeneous and 98% for heterogeneous datasets. In terms of molecular
similarity measure, use of the values in the neurons of the last hidden layer as the
automatically learned feature in the multi-CNN model as a novel molecular learning
representation was found to perform well with 88.6% in terms of average recall value
in 5% structures most similar to the target search. The results have demonstrated that
the newly developed methods can be effectively used for bioactivity prediction and
molecular similarity searching.
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ABSTRAK

Ciri-ciri struktur asas dan sifat fizikokimia molekul kimia boleh menentukan
kelakuan molekul semasa proses kimia, fizikal, biologi dan persekitaran dan oleh itu
ia perlu dikaji untuk menentukan dan memodelkan semua tindakan molekul. Walau
bagaimanapun, ketepatan yang terhad dan kadar ralat ramalan yang tidak sekata
mengehadkan penggunaannya. Kajian ini mencadangkan kaedah baru berdasarkan
pembelajaran rangkaian neural konvolusi terhadap ramalan bioaktiviti sebatian kimia.
Molekul ini diwakili sebagai rangkaian neural konvolusi (CNN) dengan format
matriks baru untuk mewakili struktur molekul. Kaedah kelas pertama melibatkan
pengenalan tiga deskriptor molekul baru, iaitu Mol2toxicophore, berdasarkan interaksi
molekul dengan ciri-ciri toksikophores, Mol2Fgs, berdasarkan perwakilan teragih
untuk membina peta ciri abstrak set molekul kecil yang terpilih, dan Mol2mat, yang
merupakan matriks molekul perwakilan yang disesuaikan daripada deskriptor cap jari
2D yang terkenal. Kaedah kelas kedua adalah berdasarkan penggabungan model multi-
CNN yang menggabungkan semua perwakilan molekul. Kaedah kelas ketiga
didasarkan pada pembelajaran pemberat ciri secara automatik yang menggunakan nilai
dalam neuron di lapisan terakhir dalam seni bina CNN yang dicadangkan. Untuk
menilai prestasi kaedah tersebut, satu siri eksperimen dijalankan menggunakan dua set
data standard, iaitu MDL Drug Data Report (MDDR) dan set data Sutherland. Dataset
MDDR terdiri daripada 10 kelas aktiviti homogen dan 10 heterogen, sementara
kumpulan Sutherland mengandungi empat kelas aktiviti homogen. Berdasarkan
eksperimen, Mol2toxicophore menunjukkan kadar ramalan yang memuaskan
sebanyak 92% dan 80% untuk kelas aktiviti homogen dan heterogen. Mol2Fgs lebih
baik daripada Mol2toxicophore dengan hasil ketepatan ramalan 95% untuk homogen
dan 90% untuk kelas aktiviti heterogen. Perwakilan molekul Mol2mat mempunyai
ketepatan ramalan tertinggi dengan 97% dan 94% untuk dataset homogen dan
heterogen. Model gabungan multi-CNN memanfaatkan pengetahuan yang diperoleh
daripada tiga persembahan molekul menghasilkan kadar ketepatan yang lebih baik
sebanyak 99% untuk homogen dan 98% untuk dataset heterogen. Dari segi ukuran
kesamaan molekul, penggunaan nilai-nilai dalam neuron lapisan tersembunyi yang
terakhir sebagai ciri yang dipelajari secara automatik dalam model multi-CNN sebagai
perwakilan pembelajaran molekul baru didapati berfungsi dengan baik dengan 88.6%
dari segi nilai penarikan balik purata dalam struktur 5% yang paling hampir sama
dengan carian sasaran. Hasilnya telah menunjukkan bahawa kaedah yang baru
dibangunkan dapat digunakan secara efektif untuk ramalan bioaktiviti dan pencarian
kesamaan molekul.
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CHAPTER 1

INTRODUCTION

1.1 Overview

The ability to store and search chemical structures and other related
information in a computer database have prompted a huge increment in the quantity of
chemical compounds and biological information that is accessible for discovery
programs in pharmaceutical and agrochemical commercial ventures. Computer Aided
Molecular Design (CAMD) it is a method that helps in studying the chemical
properties of structural configurations which have been developed via software
programs. The concept of rational molecular design uses synergy of chemical
combinations and permutations via computer software and advanced computer
technology so that new compounds can be developed. The important processes used
in CAMD and computational chemistry are Quantitative Structure Activity
Relationships (QSAR), molecular quantum mechanics, machine learning, analysis on
basis of structural configuration, molecular graphics and illustration of data illustrating

the binding of ligand to receptor and calculating the intermolecular bonds.

Many different sectors have benefitted from the use of CAMD like study of
organic chemicals, development of new drugs, study of biochemical phenomenon
occurring in nature, catalysts and solutions used in experiments. Other fields like
agriculture, animal husbandry, medicine and material sciences (like study of
compounds made up of different molecules, polymers, chemicals, semiconductors and
nonlinear phenomenon) have also benefitted from these developments (Handa et al.,

2013; Barakat, 2014; Pérez-Sanchez et al., 2014).

Any chemical compound is characterised by its biological activity, which helps
the application of the compound in the agricultural chemistry, cosmetic, medicinal,

and food industries (Wang et al., 2014). Biological activity is described as the effect



that is noted when a chemical compound interacts with a biological system. Biological
activity highlights the interaction between the chemical compounds and a biological
system at any biological organisation level, right from the molecular to the organism
level. Hence, the biological activities of the chemical compounds must be studied with
the help of different testing systems, like the “in vitro” (i.e., cells, individual molecules
or subcellular organelles), “ex vivo” (i.e. isolated tissues or organs), and “in vivo”

(animal experiments at the preclinical stage or human trials at the clinical trial stage).

Drug design is based on the ligand structure, i.e., is based on the molecular
similarities principal “molecules with a similar structure show similar biological
activities”, it is used for analysing the characteristics of the biological activities of the
compounds (Abdo et al., 2010). However, this statement is generally violated and the
computer-based methods used for biological activity prediction, based on the pairwise
structural similarity of the molecules, often provide an inaccurate estimate
(Anusevicius et al., 2015). Despite this fact, many machine learning techniques are
applied for deriving satisfactory results (Druzhilovskiy et al., 2017; Ancuceanu et al.,
2019; Ballester, 2019), as they can help in estimating the biological activity profiles/
spectra of the chemical compounds, such as the diverse biological activities (specific
toxicity, pharmacotherapeutic effects, mechanism of action, metabolism, effect of the

gene expression, etc.) (Filimonov et al., 2014).

The quantitative structure-activity relationship (QSAR) takes a gander at the
consequence of theoretical mixes in light of the examined aftereffect of beforehand
blended results. It then associates attributes figured from the ligands structure with
their measured results. The discovered results can be used to foresee the activities of
hypothetical particles. The outcomes may, likewise, be significant in planning
enhanced ligands. QSAR procedures contrast in the plan of particles that relate to the

movement and in the systems for choosing the relationship.

In QSAR similarity searching strategy, the activities of unknown compounds
(target) are predicted by comparing them with the known chemical compounds.
Thereafter, the researcher assigns the activities of similar compounds to the target

compounds as shown if Figure 1.1. Though many of the target prediction techniques



have been successful, some problems still exist. Researchers have applied different
techniques for predicting different target subsets for the same molecule (Ding et al.,

2013).

Unknow activity Prediction

N

Experimental activity ————> QSAR |

Figure 1.1 The prediction of biological activity for unknown molecular activity.

The popular Machine Learning ML algorithms, using the compound
classification method for activity prediction (target), were Binary Kernel
Discrimination (BKD) (Willett et al, 2007), Genetic programming for QSAR
investigation (Archetti et al., 2010), Naive Bayesian Classifier (NBC) (Xia et al.,
2004), hybrid soft-computing method (Pérez-Sanchez et al., 2014), Artificial Neural
Networks (ANNs) (Winkler and Burden, 2002) and Support Vector Machines (SVM)
(Kawai et al., 2008). The Bayesian belief network classifier was also used for

predicting the ligand-based targets and their activities (Ammar et al., 2014).

The key issue for the problems of Biological Activities Prediction of Chemical
Compounds examined in this study is whether application of Deep learning approaches
based on new sources of knowledge can improve the prediction accuracy. The aim of
the proposed models in this research is to improve prediction using Deep learning
Convolutional Neural Network. In this study, proposed and developed a novel machine

learning process that was based on the Convolutional Neural Network (CNN) method,



which was considered as one of the best deep learning methods in the field of machine

learning algorithms.

This chapter proceeds as follows: Section 1.2 reviews the problem background;
Section 1.3 presents the problem statements. Section 1.4 describes the objectives of
the study; Section 1.5 gives the scope of the study. Section 1.6 mentions the
significance of the research; Section 1.7 lists the Significance of this Study and Section

1.8 describes the organization of the thesis.

1.2 Problem Background

A few methods which are used for predicting the biological activity and
determining the Structure-Activity Relationship (SAR) are based on the linear
regression(Free and Wilson, 1964; Hansch, 1969) and other linear techniques like the
partial least squares (Joereskog and Wold, 1982). It is noted that the real-life SARs are
non-linear, especially across the diverse set of compounds with different chemical
structures. For improving the flexibility and range of the SARs that can be modelled,
several novel approaches have been developed based on those described in the
machine learning literature (Bolis ef al., 1991; Burden, 1996; King and Srinivasan,
1997; Sadowski and Kubinyi, 1998). These models are generally flexible (i.e., a feed-
forward neural network having linear output units along with a single hidden layer that
can approximate a continuous function having an arbitrary accuracy (Cybenko, 1989)).
However, some issues exist like sensitivity to the noise or over-fitting. Some other
approaches were based on the estimation (either implicitly (Cramer et al., 1974;
Ormerod et al., 1989) or explicitly (Gao et al., 1999)) of the probability of the
compound activity, based on the presumption that the descriptor variables were
stochastically independent. This assumption is usually not valid, and these techniques
show a low ability to model the complex relationships between a diverse set of
molecules. In the past few years, some researchers have applied recursive partitioning
techniques for problems related to a large number of diverse chemical compounds

(Rusinko et al., 1999; Cho et al., 2000). The recursive partitioning processes are better



as they can be predicted using a set of rules, wherein one can easily reach any specific

node in the resultant tree.

The similarity methods are seen to be a simple and popular tool for determining
the biological activities of the various chemical compounds. This was because these
techniques use a single known bioactive molecule (a target or reference molecule) as
a start point for database search. The database structures were ranked in decreasing
order of similarity with regards to the user-defined, active, reference (query) structure,
based on the expectation that all the nearest neighbors display the activity like the
query structure. All similarity searching techniques are categorised based on the
dimensionality of the molecular structures used for determining the compound

similarity, i.e., the 2D and 3D similarity methods.

Many studies published earlier were related to the measurement of molecular
similarity for determining the biological activities of molecules (Ding et al., 2013;
Kowalski, 2013; Cereto-Massagué et al., 2015; Schymanski et al., 2017; Ancuceanu
et al., 2019). However, the popular approaches were based on the 2D fingerprints,
wherein the similarities between the target and the database structure were computed
based on the association coefficient like the Tanimoto coefficient (Carbo-Dorca and
Mezey, 2013; Ding et al., 2013; Ammar et al., 2014; Cereto-Massagué et al., 2015;
Kumari et al., 2018). Several similarity methods used for biological activities
prediction have been described for computing the QSAR between all molecules.
However, the effectiveness of a similarity technique varies according to the biological
activities, which affects the prediction (Carbd-Dorca and Mezey, 2013; Simdes et al.,
2018). Furthermore, two methods retrieve a different subset of active molecules from
a chemical database, hence, it is better to use many search methods, if possible

(Ancuceanu et al., 2019; Ballester, 2019).

In order to enhance the effectiveness of the similarity methods and QSAR
measurement, the aim of this research is to develop a novel method of biological
activity prediction, based on deep learning convolutional neural network (CNN),
which incorporates the molecule’s substructural information which are identified as

functional groups or toxicophores. In addition, the biological activities will also be



predicted using the molecules’ distributed representation. This approach included the
encoding and storage of information regarding the chemical compounds by
establishing their interactions and similarities to the standard toxicophores and
functional groups. Furthermore, this method should be able to introduce a novel
molecular matrix representation for molecular bioactivity mapping using small
molecules. Finally, the availability of the combine multi convolutional neural network
and several fingerprint types when they are available can help enhance the

effectiveness of the molecular representation and prediction method.

1.3 Problem Statement

Since the traditional QSAR methods still suffer from their poor prediction
accuracy and sensitivity specially in heterogenous activity classes, more works are still
required to develop new approaches for the area of QSAR measurement. Therefore,
this research raises several challenges, such as improving the prediction accuracy and
enhancing the molecular representation. Here the researcher put forward the Research

Questions (RQ) that will be further investigated in this study.
(a) Can we improve the performance of biological activities prediction by utilizing
the deep learning convolutional neural network?

(b) How can fusion of molecular descriptor improve the performance of molecular

activities prediction of unknown molecules using CNN?

(c) How can convolutional neural network model and transfer learning strategy

improve the ligand-based virtual screening and molecular similarity searching?

1.4 Research Objectives

By understanding the problem statements which has been discussed earlier, the
QSAR try to measure the biological activity of chemical compound that the Drug
design will be interested in it. Since the traditional QSAR methods still suffer from



their poor prediction accuracy and sensitivity, more works are still required to develop
new approaches for the area of QSAR measurement. The main goal of this study is to
develop high-accuracy QSAR models, relying on CNN technique through taking into
account the useful merging many sources of information for the purpose of enhancing
the prediction accuracy. Therefore, this research raises several challenges, such as
improving the prediction accuracy and enhancing the molecular representation. Thus,

to achieve the goal mentioned above, the following objectives have been set.

1. To incorporate the functional groups information, the fingerprint
representations and the relationships of small molecules to biological activity
into a new CNN-based molecular matrix representation for prediction the

biological activity.

2. To combine multi molecular representations in one CNN-based model to
improve the performance of the prediction of biological activities specifically

in heterogenous activity classes.

3.  Toinvestigate whether the combined CNN model and transfer learning strategy

can be a better alternative to improve the ligand-based virtual screening.

1.5  Research Scope

In order to achieve the objectives stated above, the scope of this research is
limited to the following, the validation and evaluation of the quality of the prediction
model proposed in this research will be tested on different datasets that have been used

to validate the classification of molecules based on structure-activity relationship.

The databases aimed to be used in this study are only limited to chemical data
from MDDR (Sci Tegic Accelrys Inc, no date) and four data sets were taken from
Sutherland and Helma (Jeffrey J Sutherland et al., 2003; Helma et al., 2004;
Sutherland et al., 2004) literatures with compounds classified as active or inactive:
cyclooxygenase inhibitors, ligands of the benzodiazepine receptor, dihydrofolate

reductase inhibitors, ligands of the estrogen receptor (ER) and finally mutagens (MUT)



of molecular structures. These data sets have been used by literatures for validating

prediction models.

The proposed code has been implemented in the Keras (Chollet, 2015), which
is a public deep learning software, based on Theano (Bastien et al., 2012) and
Tensorflow (Abadi ef al., 2016). The weights in the neural networks were initialised
according to the Keras settings. All layers in the deep network were initialised
simultaneously with the ADADELTA (Zeiler, 2012). The complete network was
trained using the Dell Precision T1700 CPU system with a 16GB memory and the
professional-grade NVIDIA GeForce GTX 1060 6GB graphics. The next section we
put forward the Significance of the Study.

1.6 Significance of the Study

The need to identify the biological activity of molecules is the foundation for
the work presented here. It is strongly believed that complete automatic biological
activity prediction system can improve and help in the drug development process. The
motivation of conducting this PhD study is to propose new state-of-the-art, optimized

and innovative techniques for the prediction of biological activity.

Proposed techniques should be capable to provide promising performance in
an undesirable situation such as new presentation for molecules, and precise biological
activity by reducing the prediction error. In light of the above-mentioned issues, the
findings of this study do contribute meaningfully to what is currently known about
prediction and estimate the biological activity of unknown molecule. Nonetheless, the
significance of this study is not only limited to knowledge enrichment, but also to the
development of a new method for future implementation and prediction of biological

activity. The next section we put forward the describes the organization of the thesis.



1.7  Thesis Organization

This section describes the organization of the thesis. There are altogether

nine chapters in this thesis, which includes:

Chapter 1, Introduction: this chapter gives a general introduction to the topic
of the proposed research work. Brief overviews of some of the issues concerning the
research are also mentioned in this chapter. Besides the problem background, this
chapter also includes the problem statement, objectives of the study, research scope

and the significance of the study.

Chapter 2, Literature Review: in this chapter, the researcher presents an
overview of biological activity studies. It covers the basic approaches of biological
activity prediction, the Computer-Aided Molecular Design and Quantitative Structure-
Activity Relationships. Furthermore, this chapter also reviews the significant efforts
which have been put in biological activity studies and provides the theoretical
explanation and fundamental concepts related to it. Also, literature reviews on other
concepts related to the current study; such as Molecular Representations, prediction
models, Conditions for Applicability of QSAR and QSAR Origins and Evolution.
Finally, the challenges that face the biological activity prediction.

Chapter 3, Research Methodology: this chapter presents the methodology
used in this research. A Methodology is a guideline for solving a research problem. It
contains the generic framework of the research and the steps required to carry out the
research systematically. This chapter includes discussion of the research components

such as the phases, techniques, and tools involved.

Chapter 4, Convolutional Neural Network Model Based on Toxicophores
Features for Bioactivity Prediction. described a novel molecular representation which
could help in observing and characterising each molecule in the matrix based on its
interaction with the toxicophores. This proposed matrix presents the molecular activity
of the compound based on its toxic properties. Furthermore, this Mol2toxicophore

showed a low overlap and segregated all biological activities.



Chapter 5, Convolutional Neural Network Model Based on Small Molecules
for Bioactivity Prediction. showed that the distributed representation was able to
construct the abstract features, needed for predicting the toxicity of the compounds.
This chapter described a novel molecular matrix representation based on a select set
of small molecules. Finally, the new matrix representation can easily highlight the

biological activities of the unknown molecules.

Chapter 6, Convolutional Neural Network Model Based on 2d Fingerprint for
Bioactivity Prediction. described the prediction of the biological activities of
molecules using the molecular fingerprints in the CNN model. The researcher use 2D
fingerprint descriptors as a new molecular matrix for representing the “Mol2mat” in
the CNN model. After analysing the multi fingerprints, the researcher study all the

probable combinations.

Chapter 7, Convolutional Neural Network Model Based on Combination of all
Representation for Bioactivity Prediction. describes a new CNN architecture which
applies all the knowledge derived from the 3 molecular representatives and combines
them together to form one compact molecular descriptor. The researcher presents a
combination of the multi-molecular representation with CNN, to predict the activities

of the unknown compounds.

Chapter 8, Adapting the Combination model for Implementing New Molecular
Representation Scheme for Ligand-Based Virtual Screening: the researcher use the
same CNN architecture, describe in Chapter 7, for implementing a novel molecular
descriptor, which could be used in the ligand-based virtual screening and molecular
similarity measurements. This method used the values within the neurons of the CNN
layer as a novel molecular learning representative. This method could be very effective

for Ligand-Based Virtual Screening.

Chapter 9, Conclusion and Future Work: this chapter provides the conclusions
of the research work discussed throughout this study. The chapter present and
highlights the contributions of the research and put forward recommendations for

future work.
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