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Abstract

Compounds containing amides play a key role in the pharmaceutical industry, with

one area of interest, amongst many, being the development of new antifibrotic ther-

apies. These compounds can bind to different integrins, which are essential activity

regulators for transforming growth factor beta 1 (TGF-β1), and biological activity

can assessed using a cell adhesion assay. Two- and three-dimensional quantitative

structure-activity relationships (2D/3D-QSARs) were used to model the correlation

between the physicochemical properties of some amides and their biological activ-

ity to predict the activities of new molecules. An autocorrelation based method,

topological maximum cross correlation (TMACC), was employed to build our 2D-

QSAR models. We have generated models across four sets of data, ranging in size

from 25 to 46 molecules on a number of integrins subtypes. The results were cross-

validated using a leave-one-out (LOO) approach. Using partial-least-squares regres-

sion, a TMACC model with good predictive ability was generated based on training

set of 25 compounds and showed satisfactory statistical results (q2 = 0.57, r2 = 0.82).

Other TMACC models for 40 and 46 molecules were generated and showed similar

but slightly higher predictivity: (q2 = 0.71, r2 = 0.93), and (q2 = 0.49, r2 = 0.70),

respectively. 3D-QSAR models were also established for the same data sets using

comparative molecular field analysis (CoMFA) and comparative molecular similarity

indices analysis (CoMSIA). The CoMFA and CoMSIA models were not sensitive to

changes in the orientation of the amide structure. The TMACC QSARs showed better
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predictive ability than the 3D-QSARs. We also have employed a quantum chemical

investigation into different datasets of benzamides in order to understand the rela-

tionship between the physicochemical properties of all datasets with their activity.

Potential energy surface scans were calculated for each molecule using density func-

tional theory (DFT). Several quantum descriptors were calculated and used to build

our QSAR models. QSAR results were validated using the LOO and Y-randomisation

methods. Statics were also employed to determine all possible correlation between

the quantum descriptors and biological activity.

In a distinct study, the electronic transitions, in the aromatic side chain of the

amino acid phenylalanine toluene was investigated. The toluene molecule was used as

a model system for biological chromophores. The photophysics of toluene was studied

to understand the photophysics of large biomolecules such as proteins better. The

ground (S0) and excited (S1) states in the gas phase have been calculated using a

multi-configurational CASSCF method. We also employ the state-averaged CASSCF

approach to estimate the geometries and harmonic vibrational frequencies for the

both S0 and S1 states too. The ππ∗ transition is calculated to be at 4.69 eV, and the

corresponding experimental energy is 4.65 eV. The experimental ππ∗ transition dipole

moment is 0.37 D. If four unoccupied á orbitals are included in the active space, the

calculated ππ∗ transition dipole moment is 0.30 D. If the number of unoccupied á

orbitals is decreased to six orbitals, then the calculated ππ∗ transition moment drops

to 0.28 D.

In the future, further improvements of TMACC and 3D-QSAR are needed. For

a given data set, the TMACC descriptor construction should be enlarged to include

other essential and new atomic properties. Moreover, the output of TMACC and

3D-QSAR would be more beneficial if we could automate feature detection for any

large data.
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Chapter 1

Introduction

1.1 Drug discovery and industrial overview

Drug discovery and bringing new drugs to the market through development processes,

clinical trials, and being approved are challenging tasks with high risk and cost. In

the Pharma environment, the story of a drug begins from associating a specific disease

and how a group of molecules would affect biological targets in human cells, to several

preclinical stages of tests before being approved from Food and Drug Administration

(FDA). The estimated time to discover a new drug and bring it to the market takes

between 12-15 years1 (Figure 1.1).

Figure 1.1: The steps that are essential for a drug to proceed through the research and
development pipeline.
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Figure 1.1 shows the standard steps for the completion of drug discovery. Four

main levels such as target identification and validation, lead identification, lead op-

timisation and pre-clinical trials are used in the Drug discovery process. Target

molecules can be genes, proteins or they could be possibly anything within a living

organism for a specific disease.2 In the target identification process, a ligand binds

to the identified protein in its isolated form. Some methods involve few promising

drugs which have the ability to inhibit the functionality of a disease. The target

identification step usually corresponds to what is called the “Hit-to-lead” phase.

High-throughput screening (HTS) is an experimental method that allows handling

of chemicals or pharmacological tests. Within this method, one can quickly identify

active and inactive molecules that control biomolecular pathways. During the HTS

step, molecules which bind strongly to the targets undergo process to identify the

lead molecules. Virtual screening, data mining, HTS, quantitative structure–activity

relationship (QSAR), protein-ligand models, structure-based models are examples of

approaches used for lead identification and optimisation. The preclinical stage in-

volves Phase I - III which are important to verify whether the candidate molecule can

be made into a drug which is not toxic and has minimum side effects.

Despite the enhanced spending on research and development (R&D), however,

barely about 11% of drugs enrolled in clinical development approach the market-

place.3 Some molecules failed to fulfil the drug properties which comprise absorption,

distribution, metabolism, and excretion (ADME). These properties are important in

processes that determine pharmacokinetic (PK) and toxicity, and are required for

a drug to progress through the R&D cycle. course of treatment for a single patien

The average cost of treatment for a single patient surpasses $100,000 annually in the

United States.4,5 In the US, the total expenditure from 2010 to 2020 is expected to

increase by 26%.6 This enormous cost is being identified as a global problem not only

in the USA, but in the UK, and in every other country.
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Idiopathic pulmonary fibrosis (IPF) is a fatal disease, which affects lungs resulting

in the death of patients within 2-5 years from diagnosis.7 Non-small cell lung cancer

is similar to the 5-year survival rate of 20% - 40% associated with IPF. However,

the latter is worse than that of many other cancers. In 2014, the FDA and US

Food approved two drugs, pirfenidone and nintedanib, for the treatment of the IPF

(Figure 1.2).8 Pirfenidone and nintedanib were also approved by European regulatory

agency for the treatment of the IPF patients. These two drugs mark a turning point

for the IPF patients and physicians in the US and around the world.

Figure 1.2: Molecular structures of pirfenidone (left) and nintedanib (right)

Both pirfenidone and nintedanib have been shown to decrease the rate of progres-

sion of IPF. Nintedanib is a dominant kinase inhibitor blocking the effects of growth

factors implicated in the pathogenesis of IPF.9 It has been clinically evaluated that

the pirfenidone is safe and was used in various disorders such as IPF, chronic hepati-

tis C, multiple sclerosis and neurofibromatosis.10 Pirfenidone is a pyridone derivative,

which is characterised by anti-inflammatory, anti-fibrotic and anti-oxidant properties.

This drug also is capable of slowing down the IPF disease progression.

IPF patients are monitored with so-called forced vital capacity (FVC), which

measures the disease progression.11 In a recent study,12 pirfenidone treatment was

applied in a total of 56 patients with IPF. Based on their rate of FVC decline in

the 12-month pretreatment period, pirfenidone gives the ability for researchers to

measure the patient population in rapid and slow progressors. This study confirmed

that pirfenidone treatment reduces the rate of FVC decline in patients with IPF.
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Anticancer and antifibrotic medicines are expensive. The average benefit obtained

from these drugs is still limited. Out of 47 FDA anticancer therapeutics, hardly 9

matched the typical pattern of significant clinical benefit concerning overall survival

set by American Society of Clinical Oncology (ASCO).13 Their costs are justified

by the high cost of R&D expenses.14 Researchers at Tufts Medical Centre (TMC)

settled that the total cost of developing a new medicine is roughly $2.6 billion.14,15

Another research group reported that the cost of producing an approved drug reach

$160 million, which is more than an order of size lower from the TMC group.5 The

TMC researchers suggested that the total cost is also accounted for the cost of high

failure price.5,14

Many innovative platforms and methods such as Cheminformatics16 need to be

involved in the drug discovery to reduce the cost and to accelerate the pace of drug

discovery. Distinguishing candidate failures ahead in the process is very helpful be-

fore jumping into costly later-phase steps. Significant contributions to chemoinfor-

matics studies have been made by chemists, pharmacologists, bioinformaticists, and

researchers in computer sciences to help the selection and optimisation of chemical

structures for pre-synthesis steps. It also helps to reduce the chances of failure in the

advanced levels of clinical trials.

1.2 Cheminformatics

Cheminformatics is an in silico technique that uses computers and chemical informa-

tion. The term chemoinformatics was first used in 1998.17 In chemoinformatics, chem-

ical structures can be generated in different forms: one-, two- or three-dimensional

(1D, 2D or 3D), with the manipulations including a series of exploring, modelling,

and mathematical methods.18 Chemoinformatics covers two crucial scientific aspects.

First, it can cover large databases of chemical compounds. For instance, it provides

4
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appropriate technical methods to handle searching for some similar properties among

these molecules. Second, chemoinformatics can deal with bioactive compounds that

are of interest to industrial sectors such as pharmaceutical.

In 1957, Ray and Kirsch19 published the first paper to define an algorithm for sub-

structure searching, in which a user can specify a substructure to detect all molecules

contained that query among a database. This work studied in graph theory applica-

tions and representation of the 2D and 3D-chemical structures. The 2D structure for

a molecule in graph theory (chapter 2) is designated as nodes and edges that denote

the atoms and bonds of a chemical compound, respectively. In 1961, the value of the

computer for chemical information processing was acknowledged.20

1.2.1 Drug like and non drug like molecules

Various publications over the last two decades or so have shown the importance

of different physicochemical properties, especially lipophilicity. In 1997, Lipinski et

al.21 published the novel “rule of five” principle in which they stated physicochemical

property-based criteria for a drug to pass through a cell membrane (permeability) and

solubility. Lipinski's group obtained a simple set of rules by profiling 2245 molecules

from the Derwent Drug Index. They found that these compounds involve features

related to: molecular size (such as molecular weight and molar refractivity), molecular

complexity (such as the number of chiral centres, the number of rotatable bonds, and

the number of aromatic rings), polarity (such as the number of hydrogen-bond donors

(HBD), the number of hydrogen-bond acceptors (HBA), polar surface area, and molar

refractivity), lipophilicity (i.e. logP and logD as will be detailed in chapter 2), as

illustrated for the aspirin molecule in Figure 1.3. These physicochemical properties

are easy to calculate.
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Figure 1.3: An example shows the properties and their values for a drug-like molecule.

A drug-like molecule is usually characterised by: a molecular weight ≤ 500 Dalton,

logP ≤ 5, number of HBD ≤ 5, number of HBA ≤ 10, and a Molar refractivity of

40-130.22 When a molecule fails to comply with two or more of the mentioned proper-

ties, it will fail to pass through the research and development pipeline. Search criteria

in a large database were extended to involve “Lead-like” molecules. These leads are

characterised by small molecular weights and have biological activities likely to be

promising drugs, but require structure modification to adapt sufficiently to the bio-

logical targets. Including lead-like molecules in searching features of several databases

led to an expansion in the use of in silico methods for drug design and discovery; for

instance, researchers can extend their searching molecules to include those with calcu-

lated physio-chemical properties which might be lead- or drug-like.23 The distinction

between drug-like and lead-like has been reported in detail elsewhere.24

Computer power and its capability increase the tremendous growth of cheminfor-

matics since computers are the core of any chemoinformatics approach. Chemoinfor-

matics covers topics such as QSARs. Most techniques are available mainly from 2D

all the way to 6D. In this thesis, we have considered 2D and 3D-QSAR methods, and

they will be discussed in detail.

6
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1.3 Machine learning approaches

Machine learning algorithms and/or data mining methods can speed up a few steps

in this long journey. To discover useful patterns and correlations in large databases

or datasets of molecules, we need to employ an automatic extraction method using

high-level search techniques and algorithms. Such an approach is called data mining

or machine learning. In data mining, different models that correlate a set of molecular

properties to biological activity can be created. Then, the predicted models can be

used to calculate the activity of new molecules. Data mining models can be either

simple (simple equations obtained from linear methods) or complex (nonlinear models

arising from nonlinear procedures).25

Substructural analysis (SSA) was the first application of machine learning in drug

discovery.26 Cramer et al. used the SSA method for the automated analysis of bio-

logical screening data.26 In 1990s, a fast and simple scoring function to estimate free

binding energy ∆G for a protein-ligand complex of known molecular structures was

developed by Böhm.27 This function was designed from several approaches (such as

regression-based empirical scoring function, molecular mechanics, a potential of mean

force, descriptors and protein-ligand atomic coordinates).

Machine-learning methods are composed of a few critical steps in general.28 Choos-

ing a proper set of properties or chemical descriptors, which are thought to carry the

vital properties of the molecules are included. The descriptors selection is not an

easy step. There are over 5000 molecular descriptors. Using more descriptors gen-

erates noise and might confuse the learning method. Some selected descriptors can

work well for a specific data set. However, the exact descriptors might be irrelevant

for a different data set. The properties that may distinguish the active from the

inactive compounds need to be identified using the machine learning algorithm.29

Typical algorithms for QSAR are linear regression, multi-linear regression (MLR),30
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principal components analysis (PCA),31–33 partial least squares (PLS),34–40 decision

trees, neural networks (NN),41–43 random forest (RF),44 and support vector machine

(SVM).45–49 Further details of these algorithms are detailed in chapter 2 and 3. The

literature is full of examples of all these algorithms on many targets and several cases.

For example, fifteen supervised machine learning algorithms were employed to classify

a set of 11,360 pairs of protein domains.50 It was found that the random forest is the

most accurate classifier for their datasets. Another example, Jain and Hirst41 used

the random forest to predict the structure classification of proteins (SCOP).51 The

SCOP method is a common scheme for classification.

Drug discovery has been a common testbed for the application of machine learning

for the past 15 years.52,53 Reducing the amount of supervision needed to make useful

predictions in drug discovery is a key challenge.54 Oglic et. al. focus on discovering

molecular structures from a design space defined with a proposal generator in which

an integrin antagonist serves as a parent compound and all the designs are obtained by

altering that compound. The designed-space size is of the order of 185,000 molecules,

which is large enough to evaluate the efficiency of the used algorithm. This study

discovered interesting compounds from the aspect of industrial medicinal chemists.55

In the next sections, we present a review on QSAR models. Also, we will show

the biological activities of integrins with respect to their involvement in respiratory

diseases such as pulmonary fibrosis. Our ultimate goal is to find novel and effective

pharmaceuticals for the treatment of chronic lung disease.

1.4 QSAR models

From the fundamental chemical and physical theories, it is clear that there must be a

relationship between the structure of a molecule and its biological activity. However,

this connection is a complex, and it is doubtful that the biological activity can ever be

8
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predicted entirely. For instance; when a drug is taken orally, it must first survive the

digestive enzymes in the stomach, pass over into the bloodstream, diffuse and bind

to the target enzyme at a distinct site with a large binding constant, and eventually

have a proper half-life time in the organism before being degradable into non-toxic

parts.

Correlating chemical structures, statistical and physical properties with biological

activity by several methods is generally referred to as QSAR. One of the primary

goals of QSAR studies is how to predict biological activity. However, the capacity of

a proposed drug to act upon a specific target is pointless if the molecule cannot hit

the target. A significant effort was made to explain the effects of molecules on living

organisms. This means that understanding the interactions of compounds with cell

membranes, organelles, etc. is of interest for many medicinal chemists. QSAR is an

important paradigm for understanding such interactions. A general form of QSAR

equation can be given as

Activity = f(P1, P2, · · ·Pn) (1.1)

Activity is represented by (pIC50). The pIC50 is a quantitative measure indicates how

much of a particular inhibitor is needed to inhibit a given biological activity by half.

Activity is also a function (f) of molecular properties (P1, P2, · · ·Pn), which comprises

important chemical information about the molecule. In the first steps of developing

a novel drug, the focus is normally on the binding to the target organism and having

proper lipophilicity.56

QSAR models involve numerous steps of chemoinformatics and machine learning

techniques. Current QSAR is challenging in the amount and diversity of descriptors

considered. Normally, three main components are essential to a QSAR model: the

dataset, the molecular descriptors and the chosen statistical procedure to find a re-

9
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lationship between them. The datasets are molecules that need to be encoded in a

format where the chemical structures or experimental data is included. As a second

step, we have to choose the appropriate molecular descriptors to calculate. Final step,

several statistical approaches are used to identify those descriptors that predict the

correlation between the molecules and the biological activity.

1.4.1 History of QSAR

The thought of QSAR started from the idea of Crum-Brown and Fraser in 1868.57

They proposed that biological response was a function of the chemical structure. One

year later, the relationship between the toxicity of simple ethers and their water solu-

bility was reported by Richardson.58 Later on, Meyer59 and Overton60 were addressed

a linear relationship between lipophilicity shown as oil-water partition coefficient or

solubility and biological effects.

A novel paper in 1962, which attempted to correlate biological activity with molec-

ular physicochemical properties using linear regression method was published by Han-

sch et al.61 This paper was the starting point for QSAR. Subsequently, Hansch and Fu-

jita62 used lipophilicity as a physio-chemical property to predict the biological activity

of phenoxyacetic acids. Lipophilicity, sometimes referred to as ligand-lipophilicity ef-

ficiency (LLE), is a physio-chemical parameter that links activity and lipophilicity

in drug discovery to estimate drug. The logP is a fundamental property for any

promising drug. For a drug to be a cell-membrane permeable, the logP should not

be too low. Also when the logP becomes very high, then it remains in situ, as will

be described in 2.4.1. Other descriptors have also been used such as the molecular

weights, polar surface area, number of hydrogen bonds, number of rotatable bonds,

boiling point, melting points, chromatographic retention index, toxicity, IR frequen-

cies, dipole moments, ... etc. Here we will discuss few obvious QSAR descriptors.
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1.4.2 Electronic and steric effects

A diversity of molecular descriptors, in a classical QSAR, is involved besides using

the logP . These include a measure of electronic and steric substituent parameters

(Hammett and Taft constants),63 and pKa/b values for acidic and basic moieties.

Hammett linked electronic properties of benzoic acid derivatives, meta- and para-

substituents, with their equilibrium constants and reactivity. This equation represents

a linear free-energy relationship (LFER) with two parameters: a substituent constant

(σ) and a reaction constant (ρ).

log
K

K0

= σρ (1.2)

Here K, and K0 for a given reaction are equilibrium and reference constants, re-

spectively. Hammett found that the benzoic acid derivatives have σ equal to 0.

Electron donating substituents gave negative values for σ while electron withdrawing

substituents provided positive values due to the stabilising influence on the anion.

Hammett also noticed that the same substituent in the meta- or para-positions have

different σ values. This might due to the resonance influences at the para-position.

After the Hammett equation, the steric effects of substituents against activity (Es)

were proposed as a descriptor by Taft.64 Taft examined the impacts of substituents

in the hydrolysis of esters in an acidic solution as shown below

Es =
KR

KMe

(1.3)

Where KMe is the methyl derivative, and KR represents the R-substituted molecule.

The hydrolysis should be done under an acidic condition because the hydrolysis of

esters depends only on the steric effect. To describe the properties upon the activity

adequately, QSAR parameters are needed to investigate the correlation. In 1964,
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Hansch62 used more than one descriptor to predict the biological activity (BA).

log(BA) = c− aπ2 + bπ + ρσ + Es (1.4)

Where a, b, and c are constants, π is a hydrophobic constant, which can be given as

π = logPx − logPH (1.5)

Here Px is the partition coefficient of the substituted compound and Px represents

the unsubstituted reference molecule.

The philosophy in QSAR studies is to combine few molecular descriptors that

can be easily generated and then let the statistical approaches sort out which of

these are relevant. It is clear that with many of the descriptors, MLR might not be

suitable. Therefore, the PCA or PLS methods are better at detecting poor descriptors

and dealing with the fact that the calculated activities usually have relatively large

uncertainties. These statistical methods, as well as 2D/3D-QSAR approaches, will

be discussed in detail in chapter 2.

1.5 Biomedical relevance of Integrins

Normal cells require signals usually delivered by ligands to control cell growth or

apoptosis. However, abnormal signal transductions in cancer cells result in uncon-

trolled proliferation, loss of apoptosis, tissue invasion and metastasis (spread of cancer

cells), and enhancing blood supply of tumour (angiogenesis).65 Ligands or signals can

be in the form of growth factors and inhibitors, extracellular matrix (ECM) or cell ad-

hesion molecules. These signals are transmitted into the cell through proteins which

are located on the surface of the cells called “integrins or receptors”.

Integrins are cell-surface heterodimeric receptors which act as transmembrane
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linkers between the ECM and the cytoskeleton. The integrin consists of three pri-

mary domains: an extracellular ligand-binding domain, transmembrane domain, and

intracellular domain (Figure 1.4).

Figure 1.4: General schematic structure of αvβ integrin. The α- and β-subunits are indi-
cated in blue and green, respectively. Cytoplasmic cells are circled in red.

Each ligand binds to an integrin. Integrins perform an essential role in cell sig-

nalling. They can modulate the cell signalling pathways of transmembrane protein

kinases such as receptor tyrosine kinases (RTK). Binding a ligand to the ECM domain

stimulates the receptor tyrosine kinase, which is capable of activating other proteins

inside the cell. The tyrosine kinase is a protein that transfers a phosphate moiety

from adenosine triphosphate (ATP) into the living cell.66 A signal passes to the in-

tracellular domain, when a ligand binds to the receptor, to activate the associated

enzyme. Once this signal reaches the nucleus, the nucleus directs the cell to grow

or to stop growing. Malignant cells have their own growth factors. This means the

cancer cells can grow and divide with the reduced help from external growth stimu-

lation. Some cells are able to produce their own growth factors and stimulate their

own growth.67 This is called “Autocrine Stimulation”. The autocrine stimulation

occurs in many tumour cells such as glioblastoma, lung cancer, and sarcomas. For
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instance, glioblastoma multiform (GBM) expressed a platelet-derived growth factor

(PDGF).68 Lung cancer expressed epidermal growth factor receptor (EGFR) while

sarcomas represented EGFR and transforming growth factor (TGF-β).69 The pro-

duction of cell-surface receptors in normal cells is limited by cellular restraints gene

expression and protein translation. In cancer cells, however, mutations in the genes

encoding for the receptors interrupts this finely attuned regulation, and many copies

of genes are generated. This aspect is called gene amplification which leads to the

excessive production of receptors (a higher than normal copies of receptors on the cell

surface).70

When ligands overbind to the excess receptors, cancer cells enhanced the po-

tential to become a tumour. The more receptors exposed, the more ligands can

fit into the binding sites. Over-expression of growth factor receptors can occur in

ligand-independent signalling where receptors are active in the absence of stimulat-

ing molecules. Structural changes to a receptor can also lead to ligand-independent

activation. For example, truncated versions of the epidermal growth factor receptor

where much of the intracellular domain is missing are consistently active. Epidermal

Growth Factor (EGF) receptor also known as HER1 or c-ErbB-1 is a transmembrane

receptor and a member of a subfamily of kind 1 receptor tyrosine kinases.71 These

receptors are found principally in the membranes of normal epithelial cells such as in

skin, colon, lung, and other EGR receptors. The EGF receptors play a vital role in

the control of cell reproduction, differentiation and remnant. EGFR is over-expressed

in colon-, rectum-, lung, head, and neck-tumours. When a specific ligand binds to its

receptor, this leads to changes in the receptor that forward a distinct signal into the

cell. For example, the receptor tyrosine kinase is activated and begins a signalling

pathway unique to that receptor. This appearance is called signal transduction. Ac-

tivation of a signal transduction pathway forms a complicated series of events in the

cytoplasm that ultimately drives into the cell nucleus where the regulating of cell
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cycle progressions is stimulated resulting in cell proliferation.

A recent study72 shows another therapeutic approach by targeting molecules

downstream of integrins instead of integrin themselves. For example, Focal adhe-

sion kinase (FAK) is enhanced in focal adhesions. FAK is a non-receptor tyrosine

kinase associated in β-integrin signalling. Both FAK and Src kinase control many

cellular functions such as cancer cell migration and cell invasion. Some clinical tests

and experiments are continuing with FAK and Src inhibitors. These trials are under

phase I-II safety and pharmacokinetic evaluation.

1.5.1 Structural features of integrins

Cancer is a complicated illness and grows within an aggressively developing ECM that

regulates every phase of tumour cells. Various functions in cancer cells are regulated

by integrin signalling such as apoptosis, proliferation, migration, and invasion.65 Inte-

grins are also detected in cancer host-cells such as fibroblasts, perivascular cells, and

the vascular endothelium. Thus, signalling transactions in both the tumour cells and

ECM can be blocked by integrin antagonists.65 The conformational activation pro-

cess in integrins is often required to motivate their adhesive function.73 The matrix

receptor ties the cell’s cytoskeleton to the matrix. Integrins are the essential way that

cells both bind to and respond to the ECM. Integrins are a species of 24 transmem-

brane heterodimers formed from a sequence of 18 α integrin and 8 β integrin subunits

to date. Each heterodimer molecule consists of two non-covalently transmembrane

glycoprotein subunits called α and β. The numerous sequences provide the variety of

receptor species are shown in Figure 1.5.
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Figure 1.5: Integrin families. This diagram outlines the 24 possible integrin dimer species,
grouped by substrate type.

Figure 1.5 shows the collagen-binding β1 integrins and Arg-Gly-Asp acid RGD-

binding β1 and β3 receptors. Binding was expressed as a two-step process when the α

subunit connects to ligand first determined by the association kinetics and influencing

ligand identification. The β moiety binds next, to determine dissociation kinetics

and to form bond stabilisation, which is relevant to a divalent kinetics model with

the α subunit denoting the high-affinity region and the β subunit as the low-affinity

place.74,75 A sequence from both subunits forms the ligand-binding site of integrin,76

and the cytoskeleton is connected by its cytoplasmic domain.77 The collection of

integrins present on a given cell directs the extent to which that cell will adhere to

and migrate on different forms.65 Integrins of αv have the RGD sequence on their

corresponding ligands. The αv inhibitors were first recognised by their capability to

distinguish the RGD sequence.78

Every integrin-growth factor receptor pair is responsible for cell survival pathways.

For instance, αvβ3 crosstalk with fibroblast growth factor receptor (FGFR) inhibits

16



Chapter 1 Introduction

apoptosis in endothelial cells.65 Moreover, the cell death can be inhibited by a com-

bination of αvβ5 and the vascular endothelial growth factor receptor 2 (vEGFR2).65

1.6 Idiopathic pulmonary fibrosis

Idiopathic pulmonary fibrosis (IPF) is a lung disease that causes progressive scar-

ring of the lungs, and subsequently leads to death.79 The IPF is a chronic condition,

which is most commonly found in older adults (50 years old and above).80 Although

determined fibroblast activation and reproduction are thought to be targetable mech-

anisms, the pathogenesis of IPF is not entirely understood.81 IPF for several years

was thought an inflammatory disease in the lung cells. However, IPF was shown as

an epithelial-driven condition in which an abnormally activated lung epithelium gives

fibroblast migration, proliferation and differentiation into active myofibroblasts.82 In

the IPF, fibroblasts manifest uncontrolled proliferation, differentiate into myofibrob-

lasts, and generate excessive ECM.81 Other cellular sources such as bone marrow-

derived fibrocytes and epithelial cells are involved in disease-associated fibroblasts.83

Furthermore, fibrocytes can enter damaged tissue during chemokine-dependent mech-

anisms and develop into collagen-producing myofibroblasts.

Less women have been reported with IPF than men, and the majority of patients

have a smoking history.84,85 In the United Kingdom, an overall incidence rate of 4.6

per 100,000 person-years was reported and the annual incidence of IPF was estimated

to increase by 11% between 1991 and 2003.79,86 In the United States, a significant

database of health care was used to determine the incidence of IPF.87 They found

that the IPF occurs between 6.8 and 16.3 per 100,000 person-years. Over the past

two decades, death from pulmonary fibrosis has increased.80 The IPF is an aggressive

disease with a median survival time of 2-3 years from the time of diagnosis.88 In the

US, the fatality rate in 2003 was 54.5 per 1,000,000 in women and 61.2 deaths per
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1,000,000 in men.89 The death rate for IPF in Japan was estimated to be 24 per

1,000,000 in women and 33 per 1,000,000 in men.90

The common symptoms of the IPF are short breath, fatigue, unexplained weight

loss for no known reason, a dry cough that does not get better, bibasal or bibasilar

crackles, and a deformity of the finger (finger clubbing).84–86 The IPF symptoms are

also attributed to ageing, deconditioning or other comorbidities, such as cardiovascu-

lar disease and pulmonary emphysema.82 The expected prevalence of IPF in the US

is about 400 cases per 100,000 people for patients ageing more than 65 years.91 As

the number of IPF increases with age, a pathological specimen of IPF as a disease

of age-related epithelial cell dysfunction has developed.92 Age has been included into

useful diagnostic algorithms clinically.93 A cough in older individuals, besides age,

should be seen as chance factors for IPF disease.

The lungs are endangered to many scars but exhibit an exceptional capability

to recover through synchronised biological processes. However, repeated alveolar

epithelial damage in a genetically ageing person could lead to pro-fibrotic epigenetic

reprogramming, early and persistent epithelial cell catabiosis, extreme production

of pro-fibrotic layers and continuous activation of mesenchymal cells, leading to a

maladaptive response and consequent growth of IPF.82

Numerous risk agents have been associated with the pathogenesis of IPF, involving

chronic viral diseases, environmental illnesses, smoking, and other disorders that an

individual patient might have other than the primary IPF. Genetic variants94 are

of these factors, which lead to the IPF disease, and are estimated to explain up

to one-third of the original individual risk of that disease.95 Age is also another

robust risk factor for IPF, which suggests that lung senescence is a deriving force

for its progress.93 The cellular signs of ageing occur early in IPF. Gas exchange

takes place within alveoli in the lung. Air-filled sacs contained type 1 and type 2

epithelial cells (AEC1s and AEC2s). IPF leads to AEC2s apoptosis. In a healthy
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lung, damage of AEC1s after an injury is replaced by proliferation and differentiation

of AEC2s and stem cells. However, affected AEC2s generate damaged cells, and

their capacity to renew normality is severely reduced: this is often happening in the

IPF pathogenesis.96 Certainly, IPF is a complicated illness rising from interactions

between these risk factors and the relative contribution of each factor might differ

among people.

Protein over-expression and endoplasmic reticulum stress (ERS) occur during a

cellular activity. The ERS is a protective pathway, which arises when there is an

inequality between the cellular need for protein synthesis and the endoplasmic retic-

ulum. Another pathway is an unfolded protein response (UPR), which is a threat to

all living cells and leads to cell apoptosis. The activation of UPR has various out-

comes on cellular behaviour, which is not entirely understood. The UPR stimulates

apoptosis by producing of profibrotic mediators such as TGF-β1, connective-tissue

growth factor (CTGF), many matrix metalloproteinases (involving MMP1, MMP7,

MMP19, membrane-type MMP1 and membrane-type MMP2), tumour necrosis factor

(TNF), angiotensinogen, PDGF, osteopontin, C-X-C motif chemokine 12 (CXCL12),

and chemokine C-C motif ligand 2 (CCL2).97

The most crucial mediator in IPF pathogenesis is probably the TGF-β1. Through

αvβ6 activation, AEC2s may provide TGF-β1 as an actin/myosin-mediated cytoskele-

tal contraction. One of the essential biological process is the αvβ6 integrin/TGF-β1

pathway. TGF-β1 can be activated also by lysophosphatidic acid (LPA), which can be

regulated by autotaxin. TGF-β1 mediator is able to increase the majority of cellular

functions such as cell apoptosis, epithelial mesenchymal transition (EMT), cell migra-

tion, production of other profibrotic mediators into CTGF and other pathways. More

details about integrins: αvβ1 and αvβ6, and integrin-mediated TGF-β activation in

IPF will be discussed in chapter 3 and chapter 4.
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1.7 Goals of Thesis

In our work, we have two primary goals. First of all, we aimed to build QSAR

models against αvβ1 and αvβ6 inhibitors. We have used para- and non-parametric

methods to correlate the molecular descriptors and the biological activity, and to build

predictive models. The models can be used later to calculate the activity values of new

compounds. The second goal of this thesis is studying a model system for biological

chromophore such as toluene, which is the side chain of the amino acid phenylalanine.

This investigation will provide insight into the spectroscopy of proteins in the near

ultraviolet (UV) region.

1.8 Thesis structure

In this thesis, we have covered several topics of chemoinformatics such as QSAR,

machine learning algorithms. In chapter 2, we present in detail all the methods which

have been employed. We discuss several parametric and non-parametric methods.

The models were validated using validation methods such as leave-one-out cross-

validation (LOO-CV), Y-randomisation, and an external test set. The validation

process is a very important step to make sure that there is no chance for under-

or over-fitted data. We also present how to calculate the 2D- and/or 3D-molecular

descriptors, and the software were employed in our calculations.

Chapter 3 covers the QSAR for inhibitors of αvβ1 integrin. In this chapter, we

have shown how data sets were prepared. Different chemical structures (fragment or

a whole structure) were considered in our calculations. A wide variety of 2D-QSAR

descriptors were calculated using the NCW software, while Q-chem was used to cal-

culate the quantum molecular descriptors. We also have employed different machine

learning algorithms such as SVM (RBFKernel, PUK), MLP, IBk, M5P, RF, and
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REPTree approaches. All models were validated using LOO-CV or Y-randomisation

methods. The the 2D-QSAR models were visualised to show the effect of different

substituents of the aromatic ring (Table A.1) against the activity. In chapter four, we

have followed the same steps as chapter three, however, this time the data sets were

different and all the QSAR models were developed against αvβ6 inhibitors.

In chapter 5, we discuss DFT and use it to compute some specific descriptors. We

also have shown how more molecular descriptors: dihedral angles, electrostatic po-

tential (ChelpG), molecular orbital energies (HOMO, LUMO), and Boltzmann pop-

ulations were calculated. The potential energy surface scans (PES) for benzamide

derivatives were investigated and local minimum for each molecule was determined.

The alignment process is described.

In chapter 6, we have studied toluene as a model system for biological chro-

mophores. Understanding the photophysics of such a system affords insight into

the photophysics of biomolecules such as proteins. The multi-configuration ab ini-

tio method: CASSCF was employed to investigate the electronic S0 − S1 transition

in toluene. We also have calculated the harmonic vibrational frequencies for both

ground and excited states.

1.9 Conclusion

IPF is a fatal disease, but no conventional cure exists yet. Thus, QSAR with chem-

informaticians are required to discover a future therapy for IPF. This can be accom-

plished by using suitable statistics that interpret the data and using the chemical

structures into the QSAR models. Proper statistics are a subject of good practice to

decide how beneficial a model is. Increasing confidence in models depends on robust

statistics and reliable interpretation. Any modeller would seek the presence of readily

available interpretation.
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Methods

Properties and activities of molecules depend on the presence of specific atoms and/or

functional groups in their structures. To investigate the relationship between molecu-

lar properties and activities, we can use statistical techniques. In this chapter, we will

discuss several statistical approaches. The main goal of these methods is to generate a

model which explains an unknown relationship. Regression analysis is one such exam-

ple of these important statistical techniques and has numerous applications in almost

every field, including the chemical and physical sciences, engineering, economics, and

biological sciences.

2.1 Regression-based methods

As a part of a problem in which regression investigation may be helpful, suppose that

we need to analyse the relationship between the observed activity y and a property

x for a data set of N molecules. We suspect that their observed activities are related

somehow to that property. The N observations (for N = 20) are plotted in Figure 2.1.

This graph is called a scatter diagram. This display clearly suggests a relationship

between the experimental activities and the descriptor x; in reality, the impression is

that the data points commonly, but not exactly, fall along a straight line. Figure 2.1
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illustrates this straight-line relationship.

(a) (b)

Figure 2.1: (a) Scatter diagram for molecular descriptor x and dependent variable y. (b)
Straight-line relationship between molecular descriptor and dependent variable

If we let y represent the experimental activity and x represent the molecular

property, then the equation of a straight line describing these two variables is

y = b+ ax (2.1)

Here b is the intercept and a is the slope or gradient of that line. The purpose of

linear regression is to find values for the constant b and the coefficient a that

minimise the sum of the differences between the values predicted by the equation

and the experimental values. The values of a and b are given by the following

equations (in which N is the number of data points):

a =

N∑
i=1

(xi − x̄)(yi − ȳ)

N∑
i=1

(xi − x̄)2
(2.2)

b = ȳ − ax̄ (2.3)

where x̄, and ȳ represent the means of the independent and dependent variables,

respectively.
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Equation 2.1 is called a simple linear regression model. Customarily, x is called the

independent variable and y is called the dependent variable.

Correlation of the activity data or property with molecular descriptors is a statisti-

cal concept. When the property data of molecules are quantitative, then a regression-

based method can be employed to enable quantitative prediction of the property. This

approach is most commonly used in MLR and PLS, which we discuss in more detail

later in the chapter.

2.1.1 Multiple Linear Regression

MLR is an extension of linear regression to more independent variables (different

molecular descriptors; e.g. descriptor 1, descriptor 2, and descriptor 3). A linear

regression model may take the following form:

y = b+ a1x1 + a2x2 + a3x3 (2.4)

In the above expression, b is the y-intercept in the regression. The corresponding

regression coefficients a1, a2 and a3 are calculated through the use of estimators such

as the least-squares method. The interpretation of contribution of each descriptor

is straightforward depending on the corresponding coefficients and its algebraic sign.

Equation 2.4 has a form which is adopted in Free-Wilson analysis,98 which is a tech-

nique used in the early days of the QSAR. It generates an equation starting from a

series of substituted compounds with their associated biological activities. The linear

approach works well, when the phenomenon of interest is linear. For other systems,

non-linear methods (e.g. artificial neural networks) need to be employed (see Data

mining methods section). The quality of a regression equation can be assessed based

upon a number of statistical parameters as described below.
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Determination coefficient (r2)

The canonical formulation of r2, the coefficient of determination, is often used for

regression models to assess the model predictivity. The determination coefficient (r2)

for the QSAR model can be calculated in the following manner:

r2 = 1−

N∑
i=1

(yi − ŷi)2

N∑
i=1

(yi − y)2
(2.5)

where i is an index for the N molecules in the dataset.

In the above expression, yi stands for the experimental activity, while y is the corre-

sponding average, and ŷi are the predicted values. A high value of r2 is not necessarily

an indication of a predictive model. For example, increasing the number of descriptors

in a model for a fixed number of observations will always increase r2 values. However,

the estimate of the reliability of the model can be corrected by using adjusted r2 (r2a)

in order to reflect the explained variance, as in the following equation:

r2a =
(N − 1)× r2 − k

N − 1− k
(2.6)

In the above equation, N designates the number of molecules and k is the number

of descriptors.

Fisher statistic (F value)

The Fisher statistic F value is a variance-related parameter, which is used to measure

the overall statistical significance of the regression coefficient.99 The F value can be

calculated as follows:

F =

N∑
i=1

(ŷi − y)2/k∑
(yi − ŷi)2/(N − k − 1)

(2.7)
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A high value of F indicates that a significant correlation has been achieved.

Standard error of estimate (SEE)

The standard error of estimate (SSE) of any QSAR model should be low and can be

calculated as follows:

SEE =

√√√√√ N∑
i=1

(yi − ŷi)2

N − k − 1
(2.8)

r2 is also can be measured using several quantities:16 Total Sum of Squares (TSS),

Explained Sum of Squares (ESS), and Predictive Residual Sum of Squares (PRSS).

These three quantities are given in equations 2.9, 2.10, and 2.11 below:

TSS =
N∑
i=1

(yi − ȳ)2 (2.9)

ESS =
N∑
i=1

(ŷi − ȳ)2 (2.10)

PRSS =
N∑
i=1

(yi − ŷi)2 (2.11)

where N is the number of compounds in the data, yi is the experimental value of the

activity, and ŷi are the values predicted for each object when it is not in the training

set. These quantities are also related to each other and can be written as:

TSS = ESS +RSS (2.12)

Therefore, equation 2.5 can be modified to be:

r2 =
ESS

TSS
≡ TSS −RSS

TSS
≡ 1− RSS

TSS
(2.13)
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2.1.2 Principal component analysis

Manipulation of the data may also involve a more complex technique such as principal

components analysis (PCA). PCA decreases the dimensionality of a data set and

results in a new set of descriptors with more desirable characteristics; it is often

found that many of the correlations between some or all of the descriptors can be

explained by a small number of these principal components.

Figure 2.2 illustrates the concept of principal components. As can be seen, there

is a high correlation between the x1 and x2 values. This correlation can be explained

by introducing a single variable that is a linear combination of these (i.e. z = x1 −

x2). The new variable (z) is referred to as a principal component. In the case of

many descriptors, each principal component is a multi-linear combination of these

descriptors:

PCi = ci,1x1 + ci,2x2 + . . . ci,nxn =
n∑
j=1

ci,jxj (2.14)

where PCi is the ith principal component, ci,j is the coefficient of the descriptor xj,

and n is the number of descriptors. For example, PC1 is the first principal component,

which maximises the variance in the given data (Figure 2.2) and shows the greatest

spread of these data. The maximum variance in the data that is not already explained

by PC1 will be accounted by the second principal component PC2 and so on. It is

important to point out that all of these components are orthogonal to each other, so

PC2 in 2.2 would define an axis at right angles to the first.
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Figure 2.2: A simple two-dimensional illustration of principal components analysis.

2.1.3 Partial Least Squares

Partial Least Squares (PLS) is an expansion of MLR. It is useful when we need to pre-

dict a dependent variable from a set of independent variables (descriptors). The idea

of PLS is to extract so-called latent variables, a set of orthogonal factors, account-

ing for as much of the variable variation as possible while modelling the responses.

The main aim of PLS regression is to predict ŷi- from x-variables in order to de-

scribe their common structure. In PLS regression, the activity variables are often

logarithmically transformed and x-variables should be scaled. These variables often

have substantially different numerical ranges and it is important that they are scaled

appropriately so that each variable has an equal chance of contributing to the overall

analysis. Otherwise, descriptors with a large range of variation will bias the results.

Auto-scaling is a common way to scale descriptors in which each descriptor value

is divided by the standard deviation for that descriptor over all molecules.16 This

method is usually combined with mean centring in which the average value of a vari-

able is subtracted from each individual value. Each scaled x-variable or descriptor

then has variance of one:

x′i =
xi − x̄
σ

(2.15)
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σ =

√√√√√ N∑
i=1

(xi − x̄i)2

N
(2.16)

where x′i is the new transformed value of the original descriptor xi, σ is the standard

deviation, x̄ is the corresponding mean, and N represents the number of data points.

The PLS technique is similar to PCA, with the vital variation that the computed

quantities are taken to define not only the variation in the independent (x) variables

but also the differences in the dependent (ŷi) variables as well. PLS regression be-

comes the same as the MLR when the number of latent variables is equal to the

number of variables. PLS can be represented with equation 2.17, which explains the

dependent variable in terms of latent variables. These latent variables are a combina-

tion of the independent variables with a weighting coefficient; the predicted dependent

variable, yi is then written as:

ŷi = c1t1 + c2t2 + ...cntn (2.17)

where cn are coefficients of the latent variables, tn. tn is defined as

tn = di1x1 + di2x2 + ...dinxn (2.18)

where xn are the independent variables. PLS has an important feature, which is

its ability to deal with data sets with more than one descriptor. Here, two vectors

can be constituted by the first component, one in the space of x variables (i.e. t1

and the other in the y-space (usually written u1)). Both t1 and u1 lines give good

approximations to their respective data points but also have maximum correlation

with each other (Figure 2.3).
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Figure 2.3: PLS model composes of two lines, one in the x-space (t1, left panel) and one in
the y-space (u1, middle panel). Right panel shows the intercorrelation between t1 and u1
lines.

2.1.4 Cluster analysis

In cluster analysis,16,100 there is no need to know which molecules belong to which

clusters. These clusters are usually determined through an analysis of data. This

analysis aims to distribute a collection of objects into clusters so that the objects

within a cluster are alike but objects taken from different clusters are different. Clus-

ter analysis maximises the similarity of cases within each cluster while maximising the

variation between groups that are initially unknown. The clusters based on dissimi-

larities or distances among objects are determined by a hierarchical cluster analysis.

Squared Euclidean or Euclidean distances are common methods to compute distances

between objects in a multidimensional space. It begins with each case as a separate

cluster and then links the clusters sequentially, decreasing the number of clusters at

each level until only one cluster is left. There are several main steps in cluster-based

compound selection. First of all, descriptors for each compound in the dataste need

to be generated. Secondly, calculating the similarity or distance between between all

of molecules. Then, grouping the molecules by using a clustering algorithm. Finally,

from each cluster we can select a representative subset (one or more compounds).

Therefore, a dendrogram (Figure 2.4) can be produced to show the linkage points:

the clusters are connected at rising levels of dissimilarity. The hierarchical cluster-
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ing clustered 25 individual molecules based on a complete linkage approach.16 This

method computes the distance between the clusters’ most distant elements. The pre-

sented hierarchical start at the bottom of the dendrogram and proceed by merging

the most similar clusters together in an iterative manner. In the first step, the two

closest two molecules are merged into a single cluster. Then, as a next step, the

closest two clusters are merged, and so on.

Figure 2.4: Example of a dendrogram or a hierarchical tree. This is based on the calculated
ChelpG for 25 benzamide derivatives (The net charge on the ring).
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2.2 Basic validation procedures

Cross-validation approaches provide a way to overcome some of the problems inherent

in the use of a r2 value alone. Cross-validation is a statistical method of dividing a

sample of data into an initial single subset (training set), while the other subset (test

set) retained for later on use to validate the models. Two types of cross-validation

are often used in QSAR analysis: Leave-one-out, and k-fold cross-validation.

2.2.1 Leave-One-Out cross-validation

Leave-one-out cross-validation (LOO-CV) is preferred when the number of samples

in the data set is limited, and it can be used for the internal validation of statistical

models. The predictive ability of a model is estimated by using a reduced set of data.

The training set is modified by eliminating one compound from the set each time,

and a model is built from the reduced data. The activity of the deleted compound is

computed based on the resulting QSAR equation. The process is repeated until all

the molecules of the training set have been excluded and predicted once (Figure 2.5).

Then, equation 2.19 can be used to calculated the predictivity of the model.

The r2 belongs to the original model and it measures goodness-of-fit. Cross-

validated data produce q2 (the cross-validated r2). The q2 is normally lower than the

simple r2 but is a better guide to the predictive ability of the equation. The difference

between r2 and q2 is that r2 is calculated using RSS. However, q2 is calculated using

Predictive Residual Sum of Squares (PRSS), which is analogous to RSS, except the

predicted, not the experimental, values are used (see equation 2.11).

q2 = 1− PRSS∑
(yi − ȳ)2

(2.19)

Note that ȳ here is different than in equations 2.9 and 2.10. The mean ȳ for q2
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Figure 2.5: Schematic representation of leave-one-out cross-validation for 50 molecules; the
first data point is removed and a model trained using the rest of the dataset. This model is
used to predict the first data point. Then the second is removed and the process repeated
until each data point was deleted once

is the mean for the cross-validated group and not for the whole data set (which is

not an accurate representation when cross-validating).16,101 However, the measures

of model fit suggested can be misleading. For example, the r2 value of 0.80 may

sound good, but the real data could reflect several significant outliers, rather than a

good correlation. Therefore, more than one single statistic should be used to judge

a model. The two common error statistics: Root Mean Squared Error (RMSE, see

equation 2.20), and Mean Absolute Error (MAE , equation 2.21) can be used as well

to measure error from numeric predictions.

RMSE =

√√√√√ N∑
i=1

(yi − ŷi)2

N
(2.20)

MAE =

N∑
i=1

|yi − ŷi|

N
(2.21)

where yi is the experimental value of activity of interest, ŷi is the calculated activity,
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N is again the sample size in the model of interest. In the equations obtained during

such methods, there should not be much variation for a well-behaved system and the

r2 value calculated should not be significantly larger than the mean q2.16 It is likely

that the data has been over-fit and the predictivity of the equation will be suspect if

there is a large discrepancy.

2.2.2 k-fold cross-validation

Another common approach to use in cross-validation is known as the k-fold cross-

validation. The fold means a number of iterations. In this method, the original

dataset is divided into k subsamples. A single subsample is only held as the validation

data for testing the QSAR model and the remaining n− 1 subsamples are used as a

training set. The cross-validation is repeated k times, with each of the k subsamples

used exactly once as the validation data. For example, in a 3-fold cross-validation 1

fold is left out as the testing set while the remaining 2 folds are used as the training set

for the QSAR model construction and then validated with the fold that was excluded

(Figure 2.6).
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Figure 2.6: Schematic representation of k-fold cross-validation; the dataset is split into 3
ubsets of equal size. Each of the subset is removed once, a model built with the reminder
and the subset predicted with this model.

2.2.3 Y-randomisation

Y-randomization102 is a tool used in validation of QSAR models. The y-Randomisation

is also called y-scrambling100 and is a powerful validation procedure. For this, we built

a number of independent models using the original descriptor pool and shuffled the

activity values randomly. This established approach was used to evaluate the risk of

chance correlation in the original model.103 To get an acceptable QSAR model, the

average correlation coefficient of randomised models should be less than the correla-
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tion coefficient of the original non-randomised model.

Based on datasets taken from literature, Rücker and co-workers103 have compared sev-

eral alternatives of y-randomisation-including original response, permuted response

and random pseudo-response together with original descriptors and replacing origi-

nal descriptors with random pseudo-descriptors from MLR models. They found that

a high r2 value with random or permuted responses will arise when replacing the

original descriptors with random (pseudo-descriptors). This was ascribed to the in-

tercorrelation in the original descriptors that reduces the effective dimensionality of

the descriptors.104 In order to give confidence in the significance of the model, Rücker

and co-workers suggest that a model r2 should exceed both response and random

pseudo-descriptor r2. Other validation methods, such as external validation, can be

used beside y-scrambling to give more confidence in the model predictivity. This

validation approach will be presented in the next section.

2.2.4 External validation

The predictive power of the model can also be determined by using an external

validation. This validation test requires one split of the complete data set into an

external test set and a training set. The size of external set can be about 15-20%

of the entire data set.105 The outcome of a QSAR study, unfortunately, may depend

on the way the dataset is split into the external test and the training set; this can

cause problems usually for small datasets. Therefore, several methods have been put

forward to create the external validation set, of which, random selection is one obvious

method.

Many QSAR models cannot be considered reliable, due to the absence of any external

validation.106 Other reasons behind the failure of models are inappropriate use of

models, procedures used to develop models, or false expectations.107 Tropsha and co-

authors100,106,108 have demonstrated that several models with high q2 values have poor
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predictive power when applied for prediction of molecules in the external validation.

They pointed out the importance of the external validation in model development and

presented several statistic criteria of prediction that should be used for the validation

of multiple QSAR models.

2.3 Data mining methods

2.3.1 Neural Networks

Neural Networks (NN) are widely used and applied to QSARs and other chemometric

problems, which lead to a lot of successful applications. NN consist of a set of layered

nodes inter-connected with each other analogous to the human brain. They often are

composed of an input layer, one node per descriptor, one or more hidden layers, and

an output layer (see Figure 2.7). The data is transformed to non-linear data using

non-linear functions that operate between the nodes of the input layer and the hidden

layers. The neural networks usually run iteratively using a distribution of optimised

weighting parameters to link the input nodes to the hidden and output nodes. The

correlation between molecular descriptors and activity can be then derived based on

these optimised parameters.

Descriptor #1

Descriptor #2

Descriptor #3

Descriptor #4

Prediction

Hidden

layer

Input

layer

Output

layer

Figure 2.7: Neural network diagram
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A supervised neural network is first trained; this is achieved by providing it with

a set of inputs and the corresponding outputs from a training set.16 For example,

each node in the input layer may correspond to one of the descriptors that are used

to characterise each compound. In the neural network initially, the weights and other

parameters are set to random values. The weights and parameters, which govern the

status of the nodes and the connections between them, are modified as a key step

in the training phase. The minimisation of an error function that defined from the

difference between the desired and obtained values is used to supervise the training

of the network. After training of the neural network, it can be used to predict the

values (activities) of new molecules.

A possible problem with neural networks is over-training. This problem leads to

excellent results on training data but will have poor predictive capability on a pre-

viously unseen data set. This occurs because the network “memorises” the training

data. To overcome such a problem, the training data needs to be split into two; one

portion to be used for training as normal, and the other to assess the performance

of the network during the training stage. Another challenge with the NN is that it

is not feasible to ascertain why the network produces a particular result for a given

input. This is due to the complex nature of the interconnections between the nodes;

one cannot simply decide which properties are relevant.

2.3.2 Support vector machine

Support vector machine (SVM) is a promising classification and regression approach

developed by Vapnik et al.45 This powerful tool has gained much interest in bioinfor-

matics109–111 and chemistry.112–116 In bioinformatics, SVMs have been used to solve

classification and correlation challenges, such as breast cancer diagnosis,117,118 lung

cancer,119 bioactivity of hepatitis C virus (HCV),120 etc. SVMs have also been em-

ployed in chemistry, for example, the prediction of inhibitors based on activity cliffs
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(ACs) and structure-activity relationships (SARs).121 Simple implementation, good

generalisation capability, and dimensional independence make SVMs superior when

compared with traditional regression and NN.46 SVMs are also characterised by flexi-

bility in classification and their ability to approximate continuous function. Therefore,

the SVM method is suitable and commonly used in many SAR and QSAR studies.

In the SVMs, a hyperplane is created to separate two regions of the training data

(Figure 2.8). This hyperplane could be a line in a 2D-space. In three-dimensional

space, it will be a 2D-plane in higher dimensions but will be hard to conceptualise.

Figure 2.8: A two-dimensional plot for the support vector method. The separating hyper-
plane is shown as a line. The perpendicular length between the separating hyperplane and
a hyperplane through the closest data points (the support vector) is so-called margin.

SVM method can be used for either classification or regression, and characterise

its ability to model complex non-linear relationships by selecting a suitable kernel

functions. The SVM uses a kernel function to map the data points into a higher

dimensional feature space, and then an optimal hyperplane separating the two classes

is constructed. The kernel functions used in the SVM can be linear, polynomial, radial

basis function (RBF), and sigmoid function122 (Figure 2.9).
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Figure 2.9: Examples of simple sigmoid functions

The linear model f(x, ω) in the feature space is given by

y = f(x, ω) =

j∑
n=i

ωigi(x) + b (2.22)

where gi(x), i = 1, . . . , j corresponds to a set of non-linear transformations, and b is

the “bias” term. The coefficients ω and b are estimated by minimising

Remp(ω) =
1

n

n∑
i=1

Lε(y, f(xi)) (2.23)

where Remp(ω) is the empirical risk, Lε(y, f(xi)) is ε-insensitive loss function that was

proposed by Vapnik:45

Lε(y, f(xi)) =


0 if |y − f(x, ω)| ≤ ε

|y − f(x, ω)| − ε otherwise

(2.24)

2.3.2.1 Sequential Minimal Optimisation

SMO123–125 implements a fast version of Platt’s sequential minimal optimisation al-
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gorithm for training a support vector regression model. Two kernel functions were

employed, respectively:

1. SMO(1): puk (Pearson VII function-based universal kernel): The Pearson VII

function was developed by Pearson126 and is often used for curve fitting of X-ray

diffraction scans.127 This function is likewise the polynomial and RBF functions

all belong to the class of valid kernel functions. A valid kernel function satisfies

the so-called Mercer’s theorem128 in which a function must be symmetric, hence:

K(x, z) = 〈φ(x).φ(z)〉 = 〈φ(z).φ(x)〉 = K(z, x) (2.25)

where K is a kernel function of two arguments x and z (real numbers or

vectors), and φ is a vector representing a non-linear mapping function.

2. SMO(2): NormalisedPolyKernel.

2.3.3 Decision trees

A decision tree is usually represented as a tree-like structure, with each node corre-

sponding to a particular rule. Each rule may correspond to the lack or presence of

a specific property (descriptor). An example of a decision tree is presented in Fig-

ure 2.10; this was one of several produced models in this study where the molecular

descriptors were generated using density functional theory. The decision tree shown

in Figure 2.10 is for some molecules, some of which possess inhibition properties rel-

evant to fibrosis. This example is of particular interest because the active molecules

are enclosed by less active ones in the descriptor space; such a condition can cause

problems for regression-based approaches. The decision tree begins from the top root-

node and follows the edge appropriate to the first rule. This proceeds until a terminal

node is reached, at which point one can set the compound into the proper activity

class.
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Figure 2.10: Example of a decision tree for a set of 25 molecules. In order to classify
an unknown compound a path is followed through the tree according to the values of the
relevant properties, until a terminal node is reached.

In the given example from Figure 2.10, Des1, Des2, and Des3 represent the first,

second, and third descriptors, respectively. Des1 varies from 0 to 100. Des2 includes

numbers between (-1 and +1). The last variable (Des3) will consider integers; 1

to 6. These descriptors (independent variables) were correlated to activity. Several

approaches are available to build a decision tree. Most of them start with the entire

data set and classify the descriptor that gives the best split. Thus, the data set will

be split into two or more subsets. The same procedure is repeated to each of these

subsets, and so on until all of the molecules have been adequately divided into their

different classes. If there are N = 25 molecules divided into C8 classes, each class

Ci containing ni compounds, then the information corresponding to this distribution

can be written as:

I =
∑

pilnpi (2.26)
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where I corresponds to the entropy of the system and pi =
ni
N

. This result is employed

to determine which molecular descriptor to use to construct the next rule. Thereby,

reducing the number of molecules that needed to be screened is an important advan-

tage for the decision tree when screening a vast data set from a combinational library.

It was found that models constructed from the screening of a large data set can iden-

tify a significant part of the active compounds in the dataset.16 Some decision tree

approaches only consider multiple branches at each nodes; others can consider binary

splits. Some methods require the descriptors either to be distinct categories (e. g.

Des1 < 93.5; Des1 ≥ 93.5) or to be binary (e. g. indicating the presence or absence

of a substructure). Other methods can use both. However, such methods may build

very complicated trees. They also may produce an excellent fit for the training set

but whose performance on unseen, test data might be less powerful.

2.4 Molecular descriptors

Physicochemical properties of a molecule such as geometrical, electronic, constitu-

tional, hydrophobic, solubility, steric, and quantum chemical can be determined and

used as so called molecular descriptors.129–132 These molecular descriptors are nu-

merical values which transform chemical information encoded within the molecular

structures into a representation. Molecular descriptors vary in the complexity of the

information they encode and in the time required to calculate them. For example,

the molecular weight and number of H-bond acceptors do not convey much about

molecule’s properties but they are very rapid to compute. On the other hand, de-

scriptors that are based on quantum mechanics or electronic structure may provide

accurate representations of properties, but they are very time consuming to compute.

There are commonly used molecular descriptors that can be applied to relatively

large data sets. For example, Gasteiger partial charges (E)133 to represent electro-
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statics; Crippen-Wildman logP parameters,134 representing hydrophobicity; Crippen-

Wildman molar refractivity (MR) parameters,134 to represent steric properties and

polarisability; and logS parametres introduced by Xu and coworkers,135 to represent

solubility. There are also other descriptors that can be calculated from the 2D graph

representation such as topological distances. In the next part, we will include some

descriptors that are properties of the whole molecule rather than of substituents. We

will briefly cover some molecular descriptors that were used in the development of

QSAR models in Chapters 3 and 4.

2.4.1 Physicochemical properties

The activity of drugs can be influenced by hydrophobicity. This property shows how

tightly a molecule binds to a protein and its ability to pass through a cell membrane.

Hydrophobicity can be modelled using the logarithm of the partition coefficient P be-

tween n-octanol and water (logP ). The experimental determination of lipophilicity

can be difficult, especially for very lipophilic or polar molecules.16 Therefore, there

is a huge interest in the development of different methods for predicting logP val-

ues. Many methods for estimating the logP have been proposed. One method for

estimating logP was a fragment-based method.136 This method is based on breaking

molecules into fragments and then summing the substructure contributions to give

the final logP . This method can be represented using the following equation:

logP =
n∑
i=1

aifi +
m∑
j=1

bjFj (2.27)

where ai represents fragments of type i with fi being the corresponding contribution

and bi occurrences of correction factor j with F being the correction factor. n and

m correspond to the molecule fragments. There are many free software packages

and open source code that can be used to calculate this type of descriptor such as
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Chembench,137 ChemAxon,138 Datawarrior139 and so on.

An alternative method to the fragment-based approach is an atom-based approach.

In this method, logP is calculated by summing contributions from individual atoms

(equation 2.28).

logP =
∑

niai (2.28)

where ni is the number of atoms of atom type i and ai is the atomic contribution.

The drawback of this method is that a large number of atom types is needed to

describe a variety of molecules. For instance, carbon, hydrogen, nitrogen, oxygen,

sulphur and halogens in the Ghose and Crippen method,140 are classified into 110

atom types based on their hybridisation state and chemical nature of the

neighbouring atoms. Other physicochemical properties (e. g. solubility logS) have

been developed using fragment- and/or atom- based methods as described above.

2.4.2 Molar refractivity

The steric bulk of a molecule is often measured by a molar refractivity (MR) and is

given by:

MR =
n2 − 1

n2 + 2

MW

d
(2.29)

Here n is the refractive index, d is the density, and MW is the molecular weight. The

refractive index term represents polarisability of the molecule. In a similar way to

the calculation of logP , MR can be calculated using the atomic contributions.

2.4.3 Topological indices

Topological indices (Ti) are 2D molecular descriptors that are calculated from the 2D

graph representation of a molecule (usually excluding hydrogen atoms).141–143 These
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indices represent the overall shape of the molecule, its size, and degree of branching.

As shown in Figure 2.11, the graphs are 2D. Atoms are termed ’vertices’ and bonds

are termed ’edges’.

Figure 2.11: Hydrogen-suppressed graph of 2-methylhexane, with labelled vertices

To calculate a Ti, the values of adjacent vertices are multiplied, and then summed

across all edges. So, for the 2-methylhexane molecule shown in Figure 2.11, a simple

Ti would be 1×2 + 2×2 + 2×2 + 2×3 + 3×1 + 3×1, which is 22. Some Ti take into

account of double and triple bonds, weighted and multi-graph terms according to the

relative importance of each to the topological indicies. Many Ti have proved useful

in QSAR modeling.144–147 These 2D descriptors are easily calculated and fast. They

also have been shown to correlate well with numerous biological activities, suggesting

that they are information-rich, and thus are qualified for use as descriptors in QSAR

modelling.

2.4.4 Topological maximum cross correlation

Topological maximum cross correlation (TMACC) descriptors148 are 2D descriptors,

which can be used to generate an interpretable QSAR. The TMACC descriptors were

inspired by the grid-independent descriptors (GRIND).149 The TMACC descriptors

do not require 3D coordinates; they are based only on properties derivable from atom

types and 2D connection tables. They differ in two ways. Atomic physicochemical

values replace force field interactions measured from a grid, and the 2D topologi-

cal bond distances take the place of 3D distance between points. HQSAR150 was

used previously148 to validate the TMACC descriptors. It was found the TMACC
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method was comparable to the 3D QSAR techniques. The GRIND works similarly

as the autocorrelation descriptor.151 The TMACC only considers the maximum value

calculated for any given distance across the molecule.

The atoms contribute to each molecular descriptors and are detailed in FGRAM

file. For instance, the descriptor negative logS-negative logS with a bond length of

two has a value of 0.2. Coincidentally with the PLS coefficients, the FGRAM per-

mits an activity contribution quantity to be designated to each atom. Beforehand,

TMACC and FGRAM were generated using a javascript. To evaluate the interpreta-

tive capability of the approach, more time and effort need to be considered.

To overcome these difficulties, a GUI software called Nottingham Chemoinfor-

matics Workbench (NCW) was implemented. NCW also has ChemAxon’s Marvin152

embedded, which gives the user the ability to draw and edit molecules. Models can

be generated using the NCW through Weka. The descriptors can be interpreted as

well using the PLS model. The final results can be visualised with a colour coding

scheme in Marvin.

2.5 Comparative Molecular Field Analysis

One of the most significant developments in QSAR was the introduction of Compar-

ative Molecular Field Analysis (usually abbreviated to CoMFA)153 and Comparative

Molecular Similarity Indices Analysis CoMSIA.151 The aim of these methods are to

derive a correlation between the activity of a series of molecules and their 3D shape,

electrostatic and hydrogen bonds. A 3D molecular alignment is necessary step to start

any CoMFA analysis and the predictive capability is directly dependent on the 3D

molecular alignment of molecules with a reference compound. Therefore, one of the

important steps in performing the 3D-QSAR analyses is how to select the template

molecule. In general, the most active compound is chosen as a template molecule,
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and remaining molecules are aligned to that template. The aligned molecule, which

has high biological activity, is placed in a three-dimensional grid with the grid spacing

and resolution of 2.0, and 1.0 Å, respectively. This grid is selected to generate points

at the intersections of a 3D lattice. A few to several thousand points are generated

based on the dimensions of the box and the chosen grid distance. Molecular properties

were calculated on the regular grid with a grid resolution of 1.0 Å (Figure 2.12).

Figure 2.12: A template molecule in a 3D grid box. For presentation, only the grid lines
at the surface of the box and only one molecule are shown instead of a superposition of all
molecules. This grid includes 9× 9× 9 = 729 grid points

The structure is placed within a regular lattice and the interaction energy is

calculated between the molecule and a series of probe groups placed at each grid

point. The electrostatic and steric energies are the standard fields that are used in

CoMFA. The electrostatic potential is calculated using Coulomb’s law and the steric

energy using the Lennard-Jones potential. This process is similar to the GRIND

method for use in structure-based design. The calculated energies from these fields

are placed into a data matrix. Each column in the data matrix corresponds to the

interaction energy of a specific probe at a particular grid point and each row in the

matrix corresponds to a single molecule. An atomic probe, e.g., a carbon atom, is

used to calculate field values in each grid point. If we have M grid points and N

probes then we end up with M ×N such columns. The activities can be added as a
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final column. Then, PLS is used to analyse the matrix as seen in equation 2.30

ŷi =
M∑
i=1

N∑
j=1

cijEij + C (2.30)

where ŷi is the predicted activity, and each coefficient cij corresponds to placing probe

j at grid point i with Eij being the corresponding energy value. C is a constant.

The significance of placing probe group at the grid points are determined by these

coefficients. Later on, the data can be interpolated using a 3D contour plot that

identifies regions of interest. For example, one may be able to identify regions where

it would be favourable to place positively charged substituents or where increases in

hydrophobicity or solubility would decrease the pIC50. This is illustrated in Figure

2.13.

(a) logP MAP (b) logS MAP

Figure 2.13: CoMFA contour plots for 4-chloro-N-methyl-3-(trifluoromethyl)benzamide.
For logP , yellow indicates regions where it is favourable to place a positive charge and
white where it would be unfavourable. For logS, blue indicates regions where it would be
favourable to place a positive charge group and red where it would be unfavourable.

2.6 Conclusion

In this chapter, we outlined the research methodology that has been used in this

thesis. It reviewed the methods taken to conduct the research, starting with an

overview of statistical techniques such as the MLR, and how to assess the quality
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methods as a whole using a number of statistical parameters such as determination

coefficient, F value, SEE, TSS, RMSE, and PRESS. We also described several vali-

dation procedures that can be used when building QSAR models using the 2D- and

3D-molecular descriptors. For instance, the validation was started from LOO-CV,

k-fold cross-validation, external validation into the Y-randomisation methods. Then,

we provided a brief description of a wide variety of machine learning approaches. We

explained how such methods are helpful to extract non-linear correlations between

the molecular descriptors and the biological activity.
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QSAR for Inhibitors of αvβ1

integrin

3.1 Introduction

The αvβ1 integrin was identified more than two decades ago by combining the human

αv integrin with Chinese Hamster Ovary CHO cell β1.
154 This integrin was reported

to be a fibronectin receptor76 and was suggested to mediate profileration, migration,

adhesion, and invasion of ovarian cancer cells.155 The αvβ1 integrin, Figure 3.1c, plays

a critical role in tissue fibrosis and in mediating cell adhesion to fixed extracellular

ligands and in the maintenance of tissue integrity.156 The αvβ1 integrin binds to the

latency-associated peptide of TGF-β1 and mediates TGF-β1 activation.156

Four αv-containing integrins, αvβ1, αvβ3, αvβ5, and αvβ8 are expressed in tissue

fibroblasts.156 Previous studies showed that several αv-containing integrins, including

αvβ1, αvβ3, αvβ5, αvβ6, and αvβ8 can recognise the same arginine-glycine-aspartic

acid (RGD) sequence, and can activate latent-TGF-β.157–160 In vitro, deletion of the

integrin αv subunit was used to activate fibroblasts to demonstrate that loss of all

αv integrins from fibrosis in multiple mice organs was associated with reduced tissue
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TGF-β signaling.161 It was found that deletion of αvβ3, αvβ5, and αvβ8 integrins has

no effect on organ fibrosis.156 However, the contributions of αvβ1 to fibrosis are still

not well understood.

(a) αv-binding base compound (b) β1-binding sulfonamidoproline
compound

(c) αvβ1 (Adopted from Ref.156)

Figure 3.1: Docked model of αvβ1 integrin, where α and β subunits are, respectively, in
green and blue.

The αvβ1 integrin is composed of α and β subunits that are both present in

multiple heterodimers (5 in αv and 12 in the case of β1).
156 No crystal structure is

available for the αvβ1 integrin. To model the structure of the complex, the crystal

structures of other αv and β integrins162,163 were used. The model was used to

develop a specific small-molecule inhibitor of αvβ1.
164 Previous studies156,165 designed

an αvβ1 inhibitor (Figure 3.1c) by combining a positively charged guanidine moiety

from an αvβ3 integrin inhibitor (blue shading Figure 3.1b) and a sulfonamidoproline
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moiety from an α2β1 integrin inhibitor (green shading Figure 3.1a). These studies also

suggest that the phenyl sulfonyl ring is situated to allow good shape complementarity.

However, substitution on the phenyl ring might cause steric congestion in the pocket

in the β1 chain. Other studies166–168 investigated how structural modification of the

N -arylsulfonyl-L-prolyl group would influence the potency against αvβ1 and other

β1 integrins (α2β1 and α4β1).
166 It also was shown that a group of prolyl or aryl

analogues in the same N -arylsulfonyl-L-prolyl structure were potent non-RGD β1

integrin inhibitors.166

Bleomycin-induced plumonary fibrosis can be attenuated by the αvβ1 integrin.156

GlaxoSmithKline (GSK) and the University of Nottingham have synthesised and

assayed a series of novel compounds for activity against αv integrins including αvβ1.

This suggests that a structure-activity relationship for inhibitors of αvβ1 could be

useful for developing new compounds towards a treatment of IPF. There have not

been any QSAR studies of αvβ1 inhibitors. In this chapter, a 2D-QSAR has been

derived for a series of benzamides as αvβ1 inhibitors. In addition, a 3D-QSAR has

been established. Contour maps of properties were used to explain the impact of

physicochemical and structural properties of compounds on αvβ1 inhibition.

3.1.1 Data sets

The aim of our QSAR studies is to generate a predictive model and to use it to screen

(in silico) molecules that might be subsequently synthesised. The data set contained

a range of 40 benzamide derivatives and experimental activities from GSK with po-

tential experimental errors of ±0.2 approximately. Models were built to relate a set

of physico-chemical properties to the biological activity (pIC50). We began by con-

sidering 27 of these molecules either as fragments (data set G1) or whole molecules

(data set G2). The study was then extended to all 40 compounds, again as frag-

ments (data set G3) or whole structures (data set G4). All data sets are shown in
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Appendix Table A.1. An example of the molecules in G1 is 2-(5-(2-carboxy-2-(N ,2,6-

trimethylbenzamido)ethyl)amino)-5-oxopentyl)-5,6,7,8-tetrahydro-1,8-naphthyridin-1-

ium (Figure 3.2a), and the corresponding fragment N,2,6-trimethylbenzamide (Fig-

ure 3.2b).

Figure 3.2: An example of (A) the whole structure (2-(5-(2-carboxy-2-
(N ,2,6-trimethylbenzamido)ethyl)amino)-5-oxopentyl)-5,6,7,8-tetrahydro-1,8-
naphthyridin-1-ium) (B) the corresponding fragment (N,2,6-trimethylbenzamide).

3.2 Methods

3.2.1 2D-QSAR

To study the structure-activity relationships, we divided the benzamide structures

into four regions: naphthyridine rings, the amide group, the carboxylic group, and

the benzamide group. In this study, the substituents at the 2-, 3-, and 4-positions

of the phenyl ring of the benzamide moiety were varied. The phenyl ring was then

replaced by other rings. The other three regions: naphthyridine rings, the amide

and the carboxylic groups were kept unchanged. Two-dimensional QSAR methods,

described in chapter 2, were employed. TMACC descriptors were generated using the

topological data of each molecule. All nonpolar hydrogen atoms were removed using

Obabel 2.3.1169 and polar hydrogen atoms were considered explicitly. Physicochem-

ical properties were assigned to each atom. Four parameters were used (chapter 2):
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Gasteiger partial charges E, logS, logP , and molar refractivity (MR). The number

of models tested was the maximum available, a total of 15. The descriptors were

calculated from 15 combinations of atomic properties (Table 3.1).

Combination
Number

Combination
type

Combination
Number

Combination
type

1 E 9 P and MR
2 P 10 S and MR
3 S 11 E, P, and S
4 MR 12 E, P, and MR
5 E and P 13 E, S, and MR
6 E and S 14 P, S, and MR
7 E and MR 15 E, P, S, and MR
8 P and S

Table 3.1: Combinations of atomic properties. E = charge, P = logP , S = logS, and MR
= Molar Refractivity.

Positive and negative values of properties were considered separately for each

atomic property, but MR, as all atomic values for this property are only positive. The

evaluated atomic refractivity should always be positive since the molar refractivity is

related to the molar volume.170 This gives seven atomic properties: positive charge,

negative charge, positive logS, negative logS, positive logP, negative logP and positive

molar refractivity. Based on these seven properties, 28 possible combinations of pairs

are possible. All 28 descriptors were calculated for each pair of atoms in the molecule.

The different scales used by each set of atomic parameters were taken into account,

and each contribution was scaled by the largest absolute value (positive and negative

values took maximum values of +1 and -1, respectively). The descriptor was encoded

with the topological bond distance. Therefore, the total number of descriptors is

the maximum topological bond distance multiplied by 28. For a small molecule,

e.g. molecule number 6 in the G1 set, with a maximum topological bond distance

of nine, would give one block of descriptors for a given atomic property and given

bond separation (Table 3.2). The descriptor positive charge-positive logS is shown

in Table 3.2, with nine potential bond distances. The total number of descriptors
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for the shown molecule would be 252; that is 9 maximum topological bond distances

multiplied by 28 TMACC descriptors.

Structure One block of atomic properties

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:1

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:2

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:3

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:4

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:5

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:6

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:7

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:8

Maximum:ScaledAtomPartialPositiveCharge:ScaledAtomPartialPositiveLogS:9

Table 3.2: Molecule number 10 in the G1 list. TMACC descriptors are based on topological
distances. The maximum distance here is 9 between the methyl carbon and Cl.

In-house Java-based software, the Nottingham Cheminformatics Workbench (NCW),101

was used to perform all calculations. NCW is a package which generates the TMACC

descriptors and interpretation. The PLS algorithm was used, using the SIMPLS algo-

rithm of de Jong,171 to find latent variables and construct the model. This algorithm

is implemented in NCW and users can also access another machine-learning work-

bench Weka 3.9.1172 from NCW.

3.2.2 Machine learning methods

Different machine learning algorithms implemented in Weka 3.9.1 were applied. A

brief description for these methods was given in chapter 2, and more details on these

algorithms are available elsewhere.173 All these calculations are based on the 2D-

QSAR descriptors using the G4 data set.

3.2.2.1 Sequential Minimal Optimisation

SMO implements a sequential minimal optimisation algorithm for training a support

vector regression model. The Pearson VII function-based universal kernel (puk) and
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the NormalisedPolyKernel functions were employed as SMO(1) and SMO(2), respec-

tively. These methods were described in chapter 2.

3.2.2.2 Support vector machine

SVMs are support vector machines for regression. By transforming the 2D-QSAR

data into a high dimensional feature space, nonlinear relationships can be shown in a

linear form. This transformation is accomplished by using specific kernel functions.

The values of parameters were set as follows: the SVM parameter C (C is a cost or

complexity parameter = 50), kernel = RBFkernel K(xi, xj) = exp(−γ ‖xi − xj‖2).

γ is a hyper parameter (also called the kernel bandwidth). In the SVM regression,

SVM works by finding a line of best fit that minimises the error of a cost function.

Molecules in the training dataset (support vectors) that are closest to the line of a

best fit are only considered during an optimisation process. Often a margin is added

around the line and its width is varied in order to improve the prediction accuracy.

3.2.2.3 Multilayer Perceptron

A feed-forward artificial neural network, a Multilayer Perceptron (MLP) regressor,

was used to distinguish molecules. The MLP algorithm was inspired by a model of

biological neural networks in the brain where neurones are organised into multiple

layers. Well configured layers are able to approximate any function. In regression, our

interest is to approximate a function that best fits the real output. A single output

from multiple real-valued inputs is computed first by a perceptron. This forms a

linear combination with the inputs and then predicts the output through a nonlinear

decision surface. Sigmoid nodes were chosen in this network except for the output

node. The back-propagation algorithm174 was used to optimise the MLP. There are

many MLP parameters that can only be tuned effectively through intuition. This

makes the neural network a complex algorithm to predict a model. Therefore, the
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Weka MLP options were set to the default as recommended.

3.2.2.4 IBk

IBk175 is a k-nearest neighbours algorithm which supports both regression and classi-

fication. The IBk uses the brute force search algorithm for nearest neighbour search.

Finding neighbours is performed by using a Euclidean distance function. An Eu-

clidean distance matrix of all molecules in the training set is scanned for the k short-

est distances to determine the nearest neighbours. The k parameter controls the size

of the neighbourhood. For instance, if k = 1, then the single most similar training

molecule is used to make the prediction. In Weka, the optimal k value can be calcu-

lated automatically by setting the crossValidate parameter to True. Thus, the best

(k) value was five for the G4 data set. It is helpful in regression problems for k value

to be an odd number as this decreases the chance of tied votes.176 The other IBk

parameters were set to the default.

3.2.2.5 Regression trees

M5P is used for generating M5 model trees. It was invented by Quinlan177 and

was improved by Wang and Witten.178 The default M5P parameters were used and

LOO-CV was carried out to validate the results. To generate a tree, molecules were

partitioned from a parent node into two child nodes. A specific rule was followed to

produce each node. This rule forces molecules below a certain descriptor’s value to

settle into one of the child nodes. The other molecules above fall into the other child

node. M5 trees are analogous to piecewise linear functions, and have multivariate

linear models at their leaves.179 The Weka function (REPTree), a fast decision tree

learner, is also used which generates a decision/regression tree using information

increases and prunes it using reduced-error pruning.180

Pruning is one method of countering overfitting in decision tree, where subtrees
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within the decision tree are replaced by leaf nodes. The size of the decision trees is

reduced by removing parts that do not provide information relevant to the prediction

of new molecules. REPTree is a good example of pruning. Reduced error pruning is

performed by comparing the number of errors made by a non-leaf subtree to the error

of the optimal leaf that could replace it. If the best leaf has fewer or an equal number of

errors, the subtree is pruned and replaced. This is repeated for every non-leaf subtree

in the tree until no more replacements can be done without increasing the error of the

tree.180 The default parameters were used: the seed used for randomising the data =

1, the minimum weight of the instances in a leaf (minNum) = 2, the amount of data

used for pruning (numFolds) = 3 in which one fold is used for pruning and the rest

for growing the rules.

3.2.2.6 Random Forest

Random Forest (RF) is an approach for classification and regression which was in-

troduced by Breiman.44 RF was used to construct a forest of random trees, and is

an example of an ensemble method. The ensemble approach produces a weighted

collection of decision trees. Often random vectors are generated; p1, p2, . . . pn in order

to grow these ensemble trees. By using a random sample of the data, random forests

train each tree independently. This randomness makes the model less likely to overfit

on the training data, and more robust than a single decision tree. In regression, the

final ensemble prediction is calculated by combining results from the individual trees,

M1,M2, . . .Mn, and getting their average. Figure 3.3 below shows a simple example

of an ensemble. The RF was trained upon all the calculated 2D descriptors.
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Figure 3.3: A Random Forest (RF) example shows steps of the ensemble method. Each
empty box represents a leaf node that contains new molecules from the decision tree. Pn
shows the real predicted value of each tree.

3.2.3 3D-QSAR

For the CoMFA models, the three-dimensional chemical structures of the G1 data

set were generated using Obabel 2.3.1. This step was followed by generating 20 con-

formers for each molecule. The conformers were energy minimised using the Merck

Molecular Force Field (MMFF).181 The Gasteiger-Hückel method133 was used to cal-

culate the partial atomic charges. The 3D-QSAR calculations were performed using

NCW and the Joelib2 package182 accessed from NCW to calculate the molecular de-

scriptors. The OMEGA algorithm183 was used as a separate package to align the

3D molecular structures (see chapter 2). An active molecule should be chosen from

the data set to be a template. This template is used to superpose all individual

molecules and to afford a rational and consistent alignment. In our study, molecule 2

was used as a template as its activity was highest, and all of the remaining compounds

were aligned to it to derive the subsequent 3D-QSAR analyses. The structure of the

reference molecule with aligned molecules is shown in Figure 3.4.
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Figure 3.4: (A) Structural alignment of 27 benzamides according to OMEGA. (B) The
template molecule (compound 2)

The steric energy at each grid point is calculated by using the Lennard-Jones

equation and the electrostatic energy is calculated by using the Coulomb potential.

Energies exceeding a specified value (default 30 kcal/mol) are set to the cutoff value

to minimise domination by large electrostatic and steric energies. To generate the

steric and electrostatic fields, an sp3 hybridised carbon atom with a charge of +1 is

used as a probe atom. A distance-dependent Gaussian-type function (equation 3.1)

was used to allocate each field value.

Gpj (c) =
n∑
i=1

Pie
−αr2ij (3.1)

where Gpj is the field value of property p at grid point j for compound c; i is the

atom index; pi is the atomic property of atom i; α is the attenuation factor which is

set at 0.3; rij is the distance between atom i and grid point j. The common distances

between the probe atom and the atoms of the compounds in the aligned dataset

should be taken into account to compute similarity at all grid points. Therefore, the

Gaussian-type function is employed herein to describe this distance-dependence and

to calculate the molecular property.

The resulting PLS regression equation is used to predict activity from values at

the grid points. All models were validated using LOO-CV. To visualise the 3D-

QSAR models, contour maps were generated by interpolating the product of the PLS
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coefficient and the standard deviation of the 3D field descriptor. This interpolating

step produces “stdev*coef” fields, which best explain the relationship between changes

in the activity and variations in the property of a molecule. An equivalent percentage

enclosing the lowest and highest field values was extracted from the fields, since we

were interested only in descriptors with the most significant influence on the activity

of a molecule.

3.3 Results and discussion

3.3.1 2D-QSAR with PLS analysis

The number of components used in the PLS model was varied from 1 to 10. This

gives the total number of models generated as 150. Only models with q2 of 0.50 or

higher are shown in the tables. For the G1 data set the highest LOO-CV q2 was 0.57

(Table 3.3). We also omit from the table models where r2 is greater than 0.95 (as such

models appeared to be overfit). We adopted the previous methodology for the G2,

G3, and G4 data sets. A comparison of the most predictive models for all the data

sets is presented in Table 3.4. For the G1 data set, the logS model with 6 components

represents the highest predictive model. For the G2 data set, the same model with the

same number of PLS components shows the highest predictive model too with q2 of

0.58 (Table 3.4). This means that the TMACC calculation on the G2 data set would

not affect the accuracy of LOO-CV q2 values when comparing with the fragmented

structures in the G1 data set. However, the LOO-CV results were different for the

G3 and G4 data sets. For the G4 data set, adding Gasteiger atomic partial charge

and/or MR to the model increases accuracy. The highest scoring model, charge logS

MR, gives q2 = 0.72 with 7 components.
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Descriptors Components r2 MAEtrain RMSEtrain q2 MAECV RMSECV

PSR 6 0.93 0.13 0.16 0.50 0.33 0.45
S 2 0.68 0.27 0.35 0.50 0.34 0.44
S 4 0.77 0.23 0.30 0.52 0.34 0.44
S 5 0.80 0.22 0.27 0.53 0.35 0.44
S 6 0.82 0.20 0.26 0.57 0.33 0.42
S 7 0.83 0.19 0.25 0.54 0.33 0.44
S 8 0.84 0.17 0.25 0.55 0.31 0.43

Table 3.3: Training and testing performance measures for Models Generated from Different
Descriptors (G1 group): E = charge, P = logP , MAEtrain = Mean absolute error for training
set, RMSEtrain = Root-mean-square error for training set, MAECV = Cross-validated mean
absolute error, and RMSECV = Cross-validated root-mean-squared error.

Data set Descriptors Components r2 MAEtrain RMSEtrain q2 MAECV RMSECV

G1 S 6 0.82 0.20 0.26 0.57 0.33 0.42
G2 S 6 0.88 0.18 0.22 0.58 0.32 0.41
G3 S 10 0.80 0.21 0.33 0.57 0.36 0.50
G4 ESR 7 0.92 0.17 0.20 0.72 0.31 0.38

Table 3.4: The most predictive models for G1, G2, G3, and G4 data sets: E = charge, P =
logP , S = logS, and R = MR, MAEtrain = Mean absolute error for training set, RMSEtrain
= Root-mean-square error for training set, MAECV = Cross-validated mean absolute error,
and RMSECV = Cross-validated root-mean-squared error.

It is clear that the model based on charge and solubility, and molar refractiv-

ity is the most predictive. The charge logS MR model with seven components is

characterised by q2 = 0.72, RMSECV = 0.38, r2 = 0.92 and RMSEtrain = 0.20. It

is noticeable that the r2 for the ESR model is higher than for the other models in

Table 3.4. The correlation between experimental and predicted pIC50 for the best

predictive model is presented in Figure 3.5. The predicted versus observed activities

for G4 data set as well as the residuals are listed in Table 3.5. For a QSAR model

to be characterised as having high predictive power, a high value of LOO-CV q2 is a

necessary but not sufficient condition.108 Golbraikh and Troposh108 emphasised that

the predictive ability of a QSAR model can be estimated using an external test set

of molecules. These are molecules not used for building the model. However, due to

the limited number of molecules in our data sets, we employed the Y-randomisation
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method to validate our models. More details on this approach will be discussed later

in this chapter.
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Figure 3.5: The correlation between the experimental and predicted pIC50 for the Charge,
logS, and MR model with 7 PLS components (G4 data set); a regression line has been
drawn through the data (solid line).

Of the 40 compounds in figure 3.5, the number of predictions with the residuals

(difference between predicted and observed pIC50 values) larger than 0.6 are 3, 20,

22, 25, and 40. The values of calculated performance metrics (q2 = 0.72, MAECV

= 0.31) indicate that the predictions of pIC50 values are made with satisfactory ac-

curacy. Tropsha et al. have suggested that regression QSAR models are acceptable

if they meet the following conditions: r2 > 0.6, q2 > 0.5, which are essential but not

sufficient.100 Models with a high difference (0.30) between its fitting and prediction

are likely to be affected by overfitting.184 For example, the best model from the G2

data set may be overfitted due to the high difference of 0.30 between its r2 and q2

values.
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Molecule No. Exp. pIC50 Pred. pIC50 Residual

1 8.3 8.8 0.5
2 8.8 8.3 -0.5
3 8.6 7.8 -0.8
4 8.5 8.5 0.0
5 8.5 8.4 -0.1
6 7.8 8.2 0.4
7 8.2 8.1 -0.1
8 8.6 8.4 -0.2
9 7.7 8.0 0.3
10 8.2 8.4 0.2
11 7.9 8.0 0.1
12 6.7 6.7 0.0
13 8.1 7.6 -0.5
14 8.1 8.1 0.0
15 7.5 7.5 0.0
16 7.3 7.5 0.2
17 7.6 7.5 -0.1
18 7.2 7.6 0.4
19 7.7 8.2 0.5
20 6.6 7.3 0.7
21 8.0 7.6 -0.4
22 7.5 6.8 -0.7
23 7.8 7.5 -0.3
24 8.2 8.4 0.2
25 7.1 7.8 0.7
26 7.1 7.2 0.1
27 8.3 8.9 0.6
28 8.8 8.4 -0.4
29 7.5 7.3 -0.2
30 8.4 8.6 0.2
31 7.0 7.4 0.4
32 7.4 7.0 -0.4
33 7.5 7.8 0.3
34 6.8 7.2 0.4
35 6.2 6.2 0.0
36 6.8 6.9 0.1
37 6.9 6.8 -0.1
38 7.2 7.0 -0.3
39 6.8 6.7 -0.1
40 6.1 6.6 0.7

Table 3.5: The predicted activities for G4 group from the LOO-CV.
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3.3.2 2D-QSAR with machine learning analysis

As described in section 3.2.2, we used seven machine regression methods: SMO, SVM

(RBFKernel, PUK), MLP, IBk, M5P, RF, and REPTree on the G4 data set. A total

of 33 out of all 105 models afforded a q2 higher than 0.50, and 62 models had MAE

smaller than 0.5 for this LOO-validation test (Table 3.6). All SMO models gave q2

values smaller than 0.5, and they performed worse than the other algorithms.

The performances in terms of MAE are assessed in LOO-CV for SVM (RBFKernel),

MLP, IBk, M5P, RF, and REPTree and are given in Figure 3.6. The results indicate

that most of the models were successful in training the experimental data for the

40-compound set.

RF models outperform REPTree models and are close to SVM models, although they

are still less accurate than IBk models. MLP models are likely to be overfit. RF and

SVM models are more stable and tolerant to noise in the input data.

As a supervised learning method, RF regression outperforms IBk, MLP, and M5P.

We believe that the IBk performance could be improved by choosing a more appro-

priate set of IBk parameters. IBk algorithm uses distance-based comparisons that

intrinsically assign equal weight to each attribute. It hence can be affected from low

accuracy when provided irrelevant attributes. However, the method has been modi-

fied to incorporate attribute weighting and the pruning of noisy data tuples. The k

value that yields the minimum error rate was selected (k = 5). This means the larger

the number of training molecules, the larger the value of k will be.
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Table 3.6: The highest predictive models using the SVM (RBFKernel), MLP, IBK, M5P,
RF, and REPTree approaches on the G4 dataset.

Training Validation

Methods Model r2 MAE RMSE q2 MAE RMSE

SVM (RBFKernel) logS 0.88 0.15 0.23 0.55 0.43 0.51

MLP Charge logP logS 0.92 0.25 0.33 0.58 0.42 0.58
logS MR 0.90 0.22 0.32 0.58 0.47 0.59

IBk logS 0.77 0.31 0.39 0.61 0.39 0.51
Charge logP logS MR 0.72 0.30 0.41 0.56 0.37 0.50

logS MR 0.76 0.31 0.42 0.55 0.40 0.54
logP logS MR 0.74 0.32 0.45 0.55 0.40 0.55

M5P logS 0.92 0.16 0.21 0.50 0.43 0.53

RF logS 0.88 0.22 0.29 0.64 0.35 0.46
logS MR 0.88 0.23 0.28 0.62 0.37 0.47

Charge logP logS MR 0.88 0.23 0.30 0.61 0.37 0.47
Charge logP logS 0.88 0.23 0.29 0.59 0.37 0.48
Charge logS MR 0.88 0.24 0.31 0.59 0.38 0.49

logP logS 0.88 0.22 0.28 0.56 0.37 0.49
Charge logS 0.90 0.24 0.31 0.58 0.39 0.51

logP logS MR 0.85 0.23 0.30 0.58 0.38 0.48
Charge logP 0.88 0.23 0.30 0.53 0.39 0.51

logP 0.85 0.23 0.31 0.53 0.38 0.50
Charge logP MR 0.86 0.23 0.30 0.52 0.39 0.51

REPTree Charge logS 0.86 0.18 0.27 0.55 0.37 0.50
Charge logP logS 0.92 0.13 0.19 0.55 0.38 0.50

Charge logP logS MR 0.92 0.13 0.19 0.53 0.39 0.51
Charge logP 0.92 0.13 0.19 0.52 0.38 0.52

Charge logP MR 0.92 0.13 0.19 0.50 0.39 0.53
logS 0.86 0.20 0.27 0.50 0.43 0.52
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Figure 3.6: Predictive performance (MAE) of SVM (RBFKernel), MLP, IBk, M5P, RF,
and REPTree models assessed in LOO-CV on the training set of 90 models (all models).

3.3.3 2D-QSAR interpretation

A TMACC interpretation was generated for each molecule, as described in chapter 2,

leading to the colouring of each atom according to its contribution to activity. Activity

increased upon moving from a para-substituted phenyl ring to an ortho substitution,

for both chloro- and fluoro-substituted compounds. Some examples are shown in

Figures 3.7 and 3.8.

Below can be found a short comparison between two models, logS with 6 compo-

nents and a q2 of 0.57 (G1 data set) and logS with 6 components and a q2 of 0.58 (G2

data set). For the 2,6-dichloro substituents the models do not agree with each other.

In the G1 model, both Cl moieties contribute positively to the activity, but they

negatively contribute to activity in the case of G2 data set. For the 2-cyclo-propyl

substituents, both are suggesting a slight positive contribution to activity but with a

small variation in the magnitude (Figures 3.7c and 3.7d).
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(a) G1; Molecule 2 (b) G2; Molecule 2

(c) G1; Molecule 22 (d) G2; Molecule 22

(e) G1; Molecule 5

(f) G2; Molecule 5

Figure 3.7: TMACC interpretation of logS models with 6 PLS components for G1 and G2
groups. TMACC activity colour scheme: red for very negative activity; orange for negative
activity; green for neutral activity; yellow for positive activity and blue for very positive
activity. a) The Cl substituents on the ortho-position both provide a positive contribution
to the activity. b) A negative contribution for both Cl groups to the activity. c) The cyclo-
propyl moiety provides a positive contribution to the activity. d) The cyclo-propyl group is
shown in green, indicating that it provides no contribution to the activity of the molecule.
e) F and Cl provide a negative and positive contribution to the activity, repectively. f) The
Cl provides a negative contribution to the activity.
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(a) Charge logS MR; Molecule 20 (b) logS MR; Molecule 20

(c) Charge logS MR; Molecule 2 (d) logS MR; Molecule 2

(e) Charge logS MR; Molecule 9 (f) logS MR; Molecule 9

(g) Charge logS MR; Molecule 12 (h) logS MR; Molecule 12

Figure 3.8: TMACC interpretation of G4 group for two different models; Charge logS MR
with 7 components (a,c, e and g molecules), and logS MR with 7 components (b, d, f and h
molecules). (a) The iso-propyl moiety provides a slight negative contribution to the activity
of the molecule. (b) More negative contribution for the iso-propyl group to the activity. (c)
The Cl groups provide a slight positive contribution to the activity. (d) The Cl substituents
are shown in blue, indicating that they provide a very positive contribution to the activity.
(e) The Cl group on the ortho-position and meta-position provides a positive, and negative
contribution, respectively, to the activity. (f) The Cl provides the same contribution effect
to the activity of the molecule as same as in (e). (g) The para-chloro substituent provides
a negative contribution to the activity while no effect is noted for CF3 group in the meta-
position. (h) A positive activity-contribution for the CF3 group in the meta-position
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Both Cl substituents on the ortho-positions in Figures 3.7e and 3.7f provide a negative

contribution to the activity. According to Figure 3.7, the comparison between the

TMACC results for the same property (logS) with the same number of PLS compo-

nents, but in different data sets shows how substituents would contribute in different

ways to activity. This also suggests that the NCW is sensitive to the small variation

in similar, but not exact data sets.

For the 2,6-dichloro substituent, in Figure 3.8, both models agree. However, they sug-

gest a different level of positive contribution to the activity, (Figures 3.8c and 3.8d).

For the 2,3-dichloro substituent both models also agree, with both suggesting a pos-

itive contribution (Figures 3.8e and 3.8f). The models also do agree on this positive

contribution, (Figures 3.8g and 3.8h). The trifluoromethyl group on the meta posi-

tion in the logS MR and Charge logS MR models does not contribute to the activity

while existing of the Cl moiety on the meta-position does.

To study the behaviour of r2 and q2 for a single model when adding more PLS com-

ponents, we plotted (Figure 3.9) the number of PLS components against the r2 and

q2 values for the most predictive model of G4. The statistical measures associated

with 1 to 15 components are shown in Table 3.7. The model quality was expected

to increase with an increasing number of PLS components up to a specific number.

Then, q2 starts to decrease, although r2 continues to rise. However, the statistical

measures of the predictive performance of the charge logS MR model seem to plateau.
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PLS Components r2 MAEtrain RMSEtrain q2 MAECV RMSECV

1 0.59 0.37 0.46 0.38 0.44 0.56

2 0.76 0.28 0.35 0.51 0.39 0.51

3 0.81 0.26 0.31 0.58 0.38 0.47

4 0.88 0.21 0.25 0.65 0.36 0.44

5 0.90 0.18 0.23 0.65 0.37 0.43

6 0.91 0.17 0.21 0.69 0.34 0.41

7 0.92 0.17 0.20 0.72 0.31 0.38

8 0.95 0.13 0.17 0.69 0.34 0.42

9 0.95 0.12 0.16 0.69 0.35 0.42

10 0.96 0.11 0.14 0.69 0.34 0.42

11 0.96 0.11 0.13 0.69 0.34 0.42

12 0.97 0.09 0.12 0.68 0.34 0.43

13 0.98 0.08 0.10 0.67 0.36 0.44

14 0.98 0.07 0.10 0.66 0.36 0.45

15 0.98 0.06 0.09 0.65 0.37 0.45

Table 3.7: Training and testing performance measures for charge logS MR as a combined
descriptor (G4 group): MAEtrain = Mean absolute error for training set, RMSEtrain =
Root-mean-square error for training set, MAECV = Cross-validated mean absolute error,
and RMSECV = Cross-validated root-mean-squared error.
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Figure 3.9: The variation of r2 and q2 with the number of components (latent variables)
for the charge logS MR model.

72



Chapter 3 Inhibitors of αvβ1 integrin

Figure 3.10: Visualisation of the TMACC/PLS charge logS MR model of the G4 data set
showing the effect of modifying a para-CF3-substituted benzamides inhibitor molecule 15
(top, pIC50 = 7.5) to an ortho-CF3-substituted molecule 14 (bottom, pIC50 = 8.1). High-
lighted atoms indicated those that are most important for decreasing (red) and increasing
(blue) the potency of inhibitors. The orange colour indicates that the CF3-substitution
becomes less potency-reducing in the para-position.

For the G4 data set, the activity increased upon moving from a para-substituted

phenyl ring to an ortho substitution, for CF3- , Cl-, and F-substituted molecules.

Figure 3.10 displays molecule 14, and 15, the para- and ortho-substituted compounds,

respectively. The atoms that most contribute to activity are coloured in blue, and

those that most reduce activity are given in red. We also display the colouring of

the CF3 group. In the interest of simplicity, we do not show the contributions of the

other atoms as their impact on the activity is not especially influential. When the

ortho-substituted molecules are examined, the contribution of the ortho- Cl, F, and

CF3 groups are coloured in blue; hence, this group has been identified as an activity-

increasing group. However, the meta- and/or para-substituted groups are coloured

orange; this also indicates an activity-decreasing group, but their effects are more

moderate. Moreover, when a molecule has two activity-increasing groups such as Cl

substituents on the ortho-positions of a phenyl ring, their impact on activity will
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increase (Figure 3.11). This figure shows a similar effect from ortho substitution, but

this time with two chloro groups, illustrated by compound 2 and 10. By examining

the pIC50 values of both molecules, adding an extra Cl substitution increases the

pIC50 by 0.6 log units. Both Cl groups have to be at the ortho-position to increase

activity. However, when only one Cl group is located at the meta-position and the

other substituent is kept in the ortho-position (molecule 9), the pIC50 values were

reduced by 1.0 log units when comparing with molecule 2.

Figure 3.11: Visualisation of the TMACC/PLS model showing the effect of modifying an-
ortho single Cl-substituted benzamide inhibitor molecule 10 (top, pIC50 = 8.2) to two ortho-
Cl-substituted molecule molecule 2 (bottom, pIC50 = 8.8). Highlighted atoms indicated
those that are most important for decreasing (red) and increasing (blue) the potency of
inhibitors.

The impact of fluoro groups on activity is similar to the Cl substituents when they

are at the ortho-position, but slightly lower (Figure 3.12). Their effect on activity

decreases at the meta- and/or para-positions. The pIC50 values were reduced by

0.5 log units when one F group is in the meta-position and the other substituent to

the para-position (molecule 18). The F substitution in the meta position changed

from blue (as in ortho-case) to yellow, indicating a change from activity-increasing
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to moderately activity-increasing. By examining the pIC50 values of the molecules,

changing from an ortho-chloro to a para-chloro substitution decreases the pIC50 by 1.6

log units approximately, while changing from ortho-fluoro to para-fluroro substitution

decreases the activity by 0.5 log units. Further mono-ortho and di-ortho substituents,

(for instance, Cl, F, CH3, and C2H5 groups), may be important for increasing the

αvβ1 activity. However, these data do not indicate mono-substitution in the ortho

position is useful for increasing activity. These observations can be rationalised by

noting that the steric effects of the substituents may critical for increasing activity.

Additionally, the meta- and para-substituted molecule clearly indicates that a lack of

substitution at the 2 position of the aryl ring decreases activity.

Figure 3.12: Visualisation of the TMACC/PLS model showing the effect of modifying an-
ortho single Cl-substituted benzamide inhibitor molecule 19 (top, pIC50 = 7.7) to two F-
substituted molecule molecule 18 (bottom, pIC50 = 7.2). Highlighted atoms indicated those
that are most important for decreasing (red) and increasing (blue) the potency of inhibitors.
The yellow colour indicates that the F-substitution becomes less potency-increasing in the
meta-position.

Among the studied molecules we also have noticed that presence of a nitrogen in

a heterocyclic benzamide will reduce activity, especially when the nitrogen atom is

on the para-position of the phenyl moiety. To clarify this point, we were interested
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to see our TMACC interpretation for two different inhibitors (Figure 3.13). The

first is an inhibitor with high affinity (molecule 28, top) with a measured pIC50

of 8.8, and the other is a less active inhibitor (molecule 40, bottom), which had a

measured pIC50 of 6.1. We also highlight those atoms that our TMACC/PLS analysis

Figure 3.13: Visualisation of the TMACC/PLS model showing the nitrogen contribution to
the activity for the highest and the less active inhibitors; The first inhibitor is molecule 28
(top, pIC50 = 8.8) and the other inhibitor is molecule 40 (bottom, pIC50 = 6.1). Highlighted
atoms indicated those that are most important for decreasing (red) and increasing (blue)
the potency of inhibitors. The orange colour indicates that the N atoms becomes less
potency-decreasing in the quinoline ring.

indicated contributed the most to increasing activity (blue) and decreasing activity

(red). Figure 3.13 also shows that the TMACC highlights the other carbonyl carbons

in molecule 28 and different aliphatic carbons of molecule 40 as activity-increasing.

There is more than a 10-fold range in activity against αvβ1 (pIC50 7.0 - 8.1) with an

ortho-CF3 14 showing the most potent activity and an ortho-CF3 in a heterocyclic

ring with an ortho-nitrogen atom 31 the least, suggesting that the electronic property

of the nitrogen atom (the high electronegativity of the nitrogen) may decrease the

activity. Despite varying size of substituents, a similar pattern is seen with 29 and
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10. The TMACC also highlights the sulfonamide moiety in molecule 26 as activity

enhancer (Figure 3.14).

Figure 3.14: Visualisation of the TMACC/PLS model showing the sulfonamide contribution
to the activity for molecule 26 ( pIC50 = 7.1). Highlighted atoms indicated those that are
most important for increasing (blue) the potency of inhibitors.

3.3.4 3D-QSAR Analysis

3.3.4.1 Evaluating of 3D QSAR models

Models were generated to consider all four property types individually: charge, logP ,

logS, and MR, and for all possible combinations to yield a total of 15 models. Statis-

tics for all models are provided in an Appendix; they are shown in Table 3.8 for the

top five models. These models were selected based on their predictive ability (q2).

All five gave comparable q2 values, differing by 0.10 approximately.

E + logP + MR E + logP + logS + MR E + logP E + logP + logS logP + MR

q2 0.48 0.46 0.41 0.38 0.36
r2 0.54 0.55 0.46 0.46 0.42

SEE 0.49 0.50 0.52 0.53 0.54

Table 3.8: Statistical data for 3D-QSAR analyses of benzamide derivatives (G1 data set).
SEE is the standard error of estimate.

All top five models were selected with PLS less than five components since the
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r2 values, in general, increase with the number of components used to construct

the model.185 The cross-validated standard error and the standard error (SEE) of the

model residuals can be used as measures of goodness of predictive and fit ability.103,185

This suggested that the model with three properties was the best model, (q2 = 0.48;

SEE 0.49). The most predictive 3D-QSAR model for the G2 dataset is the charge,

logP , and MR model, and is presented in Figure 3.15. This model provides insight

into the spatial features that are important for activity. Therefore, we focus on this

model hereafter. To justify the robustness of the predictive model, the models built

using randomised activities should have much lower q2 and r2 values than the model

with the current activities.103 Over the 350 models, the average q2 and r2 values were

0.18 and 0.42, respectively. Out of the 350 permutated activity models 96 gave q2

values greater than zero. Figure 3.16 shows the relationship between the r2 and q2

for the scrambled activity models that had non-zero q2 values. Only four of these

models had q2 greater than 0.40, the highest of which was 0.46. Therefore, we can be

confident our real model is predictive and not due to chance of correlation.
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Figure 3.15: Experimental vs. predicted pIC50 for the charge, logP , and MR model
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Figure 3.16: q2 versus r2 for the 96 y-randomisation models with q2 values greater than
zero (black dots). The real model is represented by the red triangle.

3.4 Conclusions

Described here are 2D/3D-QSARs against the αvβ1 integrin with the aim of ultimately

identifying an orally bioavailable selective and potent αvβ1 inhibitor for treating IPF.

Different models using four data sets: G1, G2, G3 and G4 were validated and the

best model indicates the importance of the combined three properties: charge, logS,

and molar refractivity for a model. Having only the TMACC values for each atom

pair provides better results compared with the 3D-QSAR method. Comparison to the

3D-QSAR demonstrates that the TMACC performs better and is superior. The best

2D-QSAR model established a good predictive accuracy (q2 of 0.72) for the G4 data

set, using 2D descriptors generated from the four property types. The 2D-QSARs

suggests the mono-substitution in the ortho-position is more influential on activity

against αvβ1. A greater range in activity was seen with disubstituted analogues com-

pared with mono-substituted analogues, such as 2,6-dichloro in molecules 2 and 28,

and 2,3-dichloro 9 and 7. These results are in agreement the available experimen-
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tal work.187 Visualising the model with the NCW using a colour scheme for each

property identified key features which influence the activity of the molecules. This

2D interpretation also suggested several positions on the benzamides where modi-

fications may enhance activity. Hence, the study has provided us with predictive

and diagnostic value for the design of a future set of benzamides analogues. This

study provides evidence for the potential of the TMACC approach for the develop-

ment of QSAR models. Compounds which are partially selective for αvβ6 have also

been studied and further studies will be reported in the next chapter. In this study,

we also have illustrated the utility of parametric and non-parametric regressors in

the analysis of structure-activity data. The SVM (RBFKernel, PUK), MLP, IBk,

M5P, RF, and REPTree methods appear not be the most profitable strategy for the

data set under consideration. The greater accuracy of PLS over the non-parametric

methods is clear. The data do not afford any very obvious or simple relationships.

The best non-parametric model (RF model) achieves cross-validated q2 values of 0.64,

corresponding to predictive utility.
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Inhibitors of αvβ6 integrin

4.1 Introduction

The αvβ6 integrin is a cell surface heterodimeric receptor, which links the αv and β6

proteins by a non-covalently bound matrix.186,187 This receptor is mainly expressed in

fibrosis and selective αvβ6 antibodies are in development to control this disorder.188

The αvβ6 integrin activates TGF-β in models of fibrosis in the lung, kidney and biliary

tract.161 Cross-screening data against αvβ1 and/or αvβ6 from the selectivity profiles

of other integrin antagonists in the literature are limited.188 An antifibrotic agent

against the epithelium-specific αvβ6 (STX-100) is in a phase II study in IPF. The

subunit β6 presents in a number of epithelial cell lines.189 The integrin heterodimer,

αvβ6, on the surface of two human carcinoma cell lines was identified using a poly-

clonal antibody raised against the carboxyl-terminal peptide of β6.
189 It also was

demonstrated that the αvβ6 binds to fibronectin using affinity chromatography of

lysates from the pancreatic carcinoma cells.189 In response to bleomycin and due to

deficiency of collagen subunit Col4A3, the αvβ6 integrin was identified as promoting

lung and kidney fibrosis, respectively.190,191
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4.1.1 From structure to function

The αvβ6 inhibitor was found to be a fibronectin-binding protein in human pancre-

atic carcinoma cell by using affinity chromatography.189 The αv integrin does not

interact with immobilised collagen I, which is the central structural protein in the

extracellular-matrix. However, the immobilised collagen I binds β1 containing in-

tegrins. The αvβ6 integrin is eluted from its respective immobilised ligand by a

hexa-peptide containing the sequence Arg-Gly-Asp (RGD).189 The RGD in presence

of Ca2+ is effective at ligand binding more than in the presence of Mg2+. This makes

αvβ6 function as an RGD-dependent fibronectin receptor in carcinoma cells.189 The

integrin appears to be the primary mediator of cell-extracellular matrix adhesion, and

can be considered as one of the many families of molecules active in cell-cell adhesion.

The matrix receptor is a cell surface heterodimeric receptor because it always has one

alpha and one beta chain. These two subunits contribute to the binding of a ligand,

which depends on extracellular divalent cations Ca2+ or Mg2+ (Figure 4.1).192

The divalent cation-binding cations Ca2+ or Mg2+ are attached to the extracellular

domains of integrins. While high-affinity conformations of the integrin are promoted

by Mg2+ under physiological conditions, the low-affinity ones are promoted by the

Ca2+ cation.193 The ligand-binding sites of integrins, which are expressed on blood

cells: leukocytes or platelets, are important targets for late-stage clinical drugs. Con-

formational changes or “activation processes” occur in leukocyte and platelet inte-

grins. The leukocyte and platelet integrins play an important role in the inside-out

signalling.73 For example, the affinity of leukocyte integrins can be changed by about

10,000-fold.194 I-domain-containing integrin is a domain that has homology to the

von Willebrand factor A and can be located in the extracellular portion of the α-

subunit.186 There are three known TGF-β isomers, TGF-β1, TGF-β2 and TGF-β3.

The TGF-β1 is a homodimeric pro-TGF-β, which consists of TGF-β linked with a
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(a) (b)

Figure 4.1: (a) Crystal structure of αvβ6 shows the binding site ligand (Ca2+ ion, in green).
ASP 230.A, ASP 234.A, ASP 238.A, ASN 232.A, and ILE 236.A are shown to indicate the
key interactions with Ca2+. (b) Crystal structure of αvβ6 shows the pocket interaction with
Mg2+ ion, in yellow. SER 125.B, GLU 223.B, and ASP 243.E are shown to indicate the key
interactions with Mg2+. The crystal structure is taken from the protein data bank (PDB
code: 4UM9).195

covalent bond to the latency associated protein (LAP).196 The cytokine TGF-β1 plays

a central role in lung fibrosis. It is inactive within its normal state and cannot bind

to its receptor. However, the TGF-β1 can be activated when pathways involve inte-

grins such as the αvβ6. The αvβ6 inhibitors have been particularly described in the

pathogenesis of lung fibrosis.197 Each TGF-β protein is processed intracellularly and

assembled as a complex of two disulfide-linked homodimers. These dimers are formed

from the shorter C-terminal fragment (the active cytokine) and the longer N-terminal

fragment (LAP). The two homodimers are non-covalently linked to form a small la-

tent complex. The mature C-terminal fragment is prevented to bind its receptors by

the associated LAP homodimer. The associated LAP is also linked to other different

proteins called the latent TGFβ binding proteins (LTBPs). The large latent complex

is formed when one of these three proteins, LTBP 1, 3 and 4 (all contain cysteine

residues) forms a disulfide bond with a conserved cysteine in TGF-β1 , 2 and 3.198,199

Thus, the extracellular matrix such as fibronectin attaches that large latent complex
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and is cross-linked to TGFβ families through the action of extracellular tissue. An

understanding of basic mechanisms of cell adhesion is needed to achieve success in

the drug delivery world. The adaptor molecules such as Talin 1200 and the kindlins

(kindlin 1, kindlin 2 and kindlin 3)201 are the best known regulators of αvβ6 integrin

activation. In addition to their significant importance in adhesion, αvβ6 integrin is

also associated in signal transduction. It was found that αvβ6 integrins are able to

activate signal transduction pathways inside cells.

4.1.2 αvβ6 integrin–mediated TGF-β activation in IPF

In the pathogenesis of tissue fibrosis, the αvβ6 inhibitor activates the TGF-β. De-

velopment of fibrosis can be prevented by interference with αvβ6 integrin-mediated

TGF-β activation.202 However, over-expression of the αvβ6 integrin in the presence

of injury can promote the development of tissue fibrosis.203

Thrombin and Lysophosphatidic acids are injurious signals that induce cytoskele-

ton cells. This results in αvβ6-mediated TGF-β activation. There is no release of

free TGF-β into the extracellular matrix. As a result, the activated TGF-β interacts

only with TGF-β receptors on adjacent epithelial cells under normal circumstances.

The activated TGF-β also starts transcription of the integrin β subunit gene, which

increases the expression of αvβ6 on the epithelial cell surfaces. Permitting activated

TGF-β to interact with β receptors disrupts the basement membrane and initiates

the IPF on mesenchymal cells. This drives cells to release more profibrotic mediators,

transdifferentiate into myofibroblasts, and place new extracellular matrix that further

expands the profibrotic medium.202

A series of novel compounds for activity against αv integrins including αvβ6 has

been synthesised and assayed by GSK and the University of Nottingham. The αvβ6

inhibitors are able to activate TGF-β in vitro and vivo by a pathway that involves

cytoskeletal changes. In this chapter, a structure-activity relationship for inhibitors

84



Chapter 4 Inhibitors of αvβ6 integrin

of αvβ6 could be useful for developing new compounds towards a treatment of IPF.

2D- and 3D-QSARs have been derived for a series of benzamides as αvβ6 inhibitors.

In addition, the impact of physicochemical and structural properties of compounds

on αvβ6 inhibition was explained by contour maps.

4.2 Data sets

The aim of our QSAR study in this chapter is to build predictive models and to

use them to screen in silico compounds that might be eventually synthesised. A

range of 46 benzamide derivatives and their experimental activities were provided

by GSK. They have been used to build models in order to relate a set of physico-

chemical properties to the biological activity (pIC50). For simplicity and since there

was no large variation in accuracy between the G1, G2, G3, and G4 datasets in the

previous chapter, in this chapter, we only considered a single dataset comprising all

46 structures. This G5 dataset is shown in Appendix A; Table A.1. For molecule 25,

the experimental pIC50 value was given as < 5. However, the NCW software cannot

deal with such imprecision. So, we have considered its activity to be 5.

4.3 Methods

4.3.1 2D-QSAR

The methods described in chapter 2 were employed. The molecules were studied by

dividing them into four regions: naphthyridine rings, the amide group, the carboxylic

group, and the benzamide group in order to study the structure-activity relationship.

The substituents varied at the 2-, 3-, and 4-positions of the phenyl ring of the ben-

zamide moiety. The other three regions were unchanged. The phenyl ring was also

substituted by other rings. In chapters 2 and 3, two-dimensional QSAR methods were
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described in detail and were employed herein. The topological data of each molecule

was used to generate the TMACC descriptors. All nonpolar hydrogen atoms were

excluded from the sdf file of the G5 data set while polar hydrogen atoms were consid-

ered explicitly by using Obabel 2.3.1. Gasteiger partial charges E, logS, logP , and

molar refractivity (MR) were also used to assign the physicochemical properties to

each atom, and 15 combinations of atomic properties were employed to calculate the

TMACC descriptors (Table 3.1).

4.3.2 Machine learning methods

In this chapter, we have applied the six different machine learning algorithms using

Weka 3.9.1: SMO, SVM, MLP, IBk, RT and RF. These algorithms have been de-

scribed elsewhere (chapter 2 and chapter 3). The parameters in these methods were

kept the same for consistency.

4.4 Results and discussion

4.4.1 2D-QSAR with PLS analysis

In each PLS model, the number of components used was varied from 1 to 10, giving

150 models number in total. We only considered those models with q2 of 0.50 or

higher (Table 4.1). The logS model is most accurate and gives q2 of 0.50 with 4

components. The model is characterised by q2 = 0.50, RMSECV = 0.54, r2 = 0.66,

RMSEtrain = 0.45. The correlation between the experimental and predicted pIC50 is

shown in Figure 4.2.
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Descriptors Components r2 MAEtrain RMSEtrain q2 MAECV RMSECV

ES 4 0.68 0.35 0.44 0.47 0.47 0.56
S 3 0.64 0.38 0.46 0.46 0.48 0.57
S 4 0.66 0.37 0.45 0.50 0.46 0.54
S 5 0.67 0.36 0.44 0.49 0.47 0.56
S 6 0.68 0.34 0.43 0.50 0.47 0.56
S 7 0.69 0.33 0.42 0.48 0.48 0.57
S 8 0.70 0.33 0.42 0.49 0.47 0.56
S 9 0.71 0.33 0.41 0.48 0.48 0.58

Table 4.1: Training and testing performance measures for Models Generated from Different
Descriptors (G5 dataset): E = charge, S = logS, MAEtrain = Mean absolute error for train-
ing set, RMSEtrain = Root-mean-square error for training set, MAECV = Cross-validated
mean absolute error, and RMSECV = Cross-validated root-mean-squared error.
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Figure 4.2: The correlation between the experimental and predicted pIC50 for the logS
model with 4 PLS components (G5 data set); a regression line has been drawn through the
data (solid line).

The predicted versus observed activities for G5 data set as well as the residuals

are listed in Table 4.2. The predictions of the 46 molecules in Figure 4.2 with the

residuals larger than 0.8 are 3, 8, 15, 42, 45, and 46. The predictions of pIC50

values are made with only moderate accuracy (q2 = 0.50, MAECV = 0.46). Thus,

noticeable differences between predicted and observed pIC50 values were expected.

Large differences between r2 and q2 can indicate overfitting.204 However, the difference
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Molecule No. Exp. pIC50 Pred. pIC50 Residual

1 7.0 6.6 -0.4

2 6.4 7.1 0.7

3 7.3 6.3 -1.0

4 7.8 7.1 -0.7

5 7.6 7.0 -0.6

6 7.2 7.1 -0.1

7 7.8 7.8 0.0

8 8.0 7.1 -0.9

9 7.8 7.8 0.0

10 6.6 6.6 0.0

11 7.7 7.2 -0.5

12 6.4 6.3 -0.1

13 7.4 7.2 -0.2

14 6.5 6.7 0.2

15 5.3 6.3 1.0

16 7.0 7.0 0.0

17 6.9 6.5 -0.4

18 6.2 6.6 0.4

19 5.8 6.6 0.8

20 5.4 6.2 0.8

21 7.3 7.1 -0.2

22 6.6 6.3 -0.3

23 7.1 6.6 -0.5

Molecule No. Exp. pIC50 Pred. pIC50 Residual

24 6.2 6.9 0.7

25 < 5.0 5.7 0.7

26 6.2 6.5 0.3

27 6.8 6.3 -0.5

28 7.4 7.3 -0.1

29 6.4 6.7 0.3

30 7.2 7.4 0.2

31 6.5 6.0 -0.5

32 6.3 6.3 0.0

33 5.8 5.5 -0.3

34 5.1 5.7 0.6

35 6.0 6.2 0.2

36 6.4 5.9 -0.5

37 6.6 7.1 0.5

38 8.1 7.6 0.5

39 6.8 7.4 0.6

40 5.2 6.0 0.8

41 5.9 6.6 0.7

42 6.3 5.3 -1.0

43 6.1 5.7 -0.4

44 5.5 5.4 -0.1

45 6.0 6.9 0.9

46 5.9 6.8 0.9

Table 4.2: The predicted activities for G5 group from the LOO-CV.....................................

between r2 and q2 in our model is quite low (0.16).

4.4.2 2D-QSAR with machine learning analysis

The SMO, SVM (RBFKernel, PUK), MLP, IBk, M5P, RF, and REPTree machine

regression methods were used as described in the previous chapter. Only 30 out of

105 models afforded a q2 higher than 0.50, and 65 models had MAE smaller than

0.50 for the LOO-CV test (Table 5.5). The SMO algorithms show models with q2

values smaller than 0.50, and they performed worse than the other algorithms. These

SMO results are quite similar to our results in the previous chapter with the αvβ1
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inhibitors. For the 46-molecule set, the results indicate that most of the models

were successfully predicted. RF models are close to SVM and outperform REPTree

models. Our cross-validated 2D-QSAR results showed the logS models as predictive

models. The predictive model is presented among the top models; (q2 of 0.63 in IBk,

q2 of 0.61 in RF, q2 of 0.55 in both SVM and REPTree, and q2 value of 0.53 in M5P

algorithm). Both RF and SVM methods are characterised with more stability to

noise in the input data. The k value in IBk algorithm was calculated automatically

by Weka to give the minimum error rate. The MAEs from LOO-CV for the machine

learning algorithms are shown in Figure 4.3.

Figure 4.3: Predictive performance (MAE) of SVM (RBFKernel), MLP, IBk, M5P, RF, and
REPTree models assessed in LOO-CV on the training set of 90 models: (15 cross-validated
models for each machine learning algorithms).

4.4.3 2D-QSAR interpretation

Figure 4.4 shows different molecules from the best predicted model (logS with 4

components and a q2 of 0.50). For the ortho- and para-chloro substituents, both

molecules contribute negatively to the activity with different magnitude. In the ortho-
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Table 4.3: The most predictive models using the SVM (RBFKernel), MLP, IBK, M5P, RF,
and REPTree approaches.

Training Validation

Methods Model r2 MAE RMSE q2 MAERMSE

SVM (RBFKernel) Charge logS 0.85 0.14 0.31 0.61 0.39 0.51
logS 0.79 0.24 0.36 0.55 0.43 0.52

MLP Charge logS 0.78 0.40 0.49 0.58 0.39 0.51
Charge MR 0.69 0.36 0.47 0.57 0.37 0.49
Charge logP 0.88 0.33 0.42 0.56 0.37 0.50

Charge 0.70 0.39 0.47 0.52 0.39 0.51
Charge logP logS 0.94 0.16 0.19 0.51 0.42 0.53

IBk logS 0.81 0.39 0.49 0.63 0.37 0.47
Charge logP logS MR 0.76 0.42 0.53 0.60 0.38 0.47

Charge logP logS 0.79 0.39 0.50 0.58 0.39 0.51
Charge logS 0.79 0.42 0.52 0.55 0.43 0.52
Charge logP 0.72 0.43 0.54 0.54 0.39 0.51

Charge logP MR 0.73 0.43 0.54 0.51 0.42 0.53
logP logS MR 0.72 0.43 0.55 0.50 0.43 0.53

M5P logS MR 0.85 0.19 0.30 0.58 0.38 0.52
logS 0.84 0.22 0.31 0.53 0.38 0.50

RF logS 0.84 0.29 0.36 0.61 0.39 0.47
logP logS 0.83 0.30 0.38 0.61 0.37 0.49

logP logS MR 0.81 0.31 0.39 0.61 0.37 0.47
Charge logP logS MR 0.86 0.30 0.38 0.59 0.37 0.48

Charge logP logS 0.85 0.31 0.38 0.59 0.39 0.49
Charge logS 0.87 0.31 0.39 0.58 0.40 0.51

Charge logS MR 0.86 0.31 0.39 0.58 0.39 0.51

logS MR 0.83 0.30 0.37 0.57 0.37 0.49
Charge logP 0.83 0.32 0.40 0.56 0.37 0.51

logP MR 0.80 0.31 0.39 0.53 0.39 0.51
logP 0.79 0.32 0.40 0.53 0.39 0.50

Charge logP MR 0.83 0.31 0.40 0.51 0.42 0.52

REPTree logS 0.71 0.31 0.42 0.55 0.43 0.52
logS MR 0.83 0.23 0.32 0.54 0.39 0.51
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(a) Molecule 10 (b) Molecule 43

(c) Molecule 14 (d) Molecule 15

(e) Molecule 19 (f) Molecule 42

(g) Molecule 24 (h) Molecule 21

Figure 4.4: TMACC interpretation of G5 group for two different models; logS with 4
components (a, b, c, d, e, f, g, and h molecules). (a) The Cl group on the ortho-position
provides a slight negative contribution to the activity of the molecule. (b) More negative
contribution for the Cl in the para-position group to the activity. (c) The CF3 group on
the ortho-position provides a positive contribution to the activity. (d) The CF3 group on
the para-position is shown in red, indicating that it provides a very negative contribution
to the activity. (e and f) The F group on the ortho-position and para-position provides
a very positive, and very negative contribution, respectively, to the activity. (g) The di -
methyl substituents provide a slight positive contribution to the activity. (h) A positive
activity-contribution for the tri -CH3 groups to the activity
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chloro compound, the Cl moiety contributes negatively to the activity while it shows

more negative contribution to the activity but in the case of the para-position. It also

was found that the para-fluoro group provides negative contribution similar to that of

para-chloro (Figure 4.4f). However, the F group on the ortho-position is indicated in

blue that means it provides a very positive contribution to the activity. This positive

contribution in the case of ortho-F is unlike that of ortho-Cl. The ortho-Cl contributes

negatively to the activity as shown in Figure 4.4e and Figure 4.4a. The ortho-CF3

substituent behaves similarity with ortho-F substituent with both indicating a very

positive contribution to the activity (Figures 4.4c and 4.4e). The trifluoromethyl

group on the para position in the logS model contributes negatively to the activity.

Figure 4.5 displays molecules 15, 46 and 14, the para-, meta- and ortho-substituted

compounds, respectively. The atoms that contribute less to activity are coloured in

red, and those that most increase activity are given in blue. The contribution of those

atoms, which their impact on the activity are not influential, were not shown for sim-

plicity. We also display the influence of the CF3 group. The activity is increased upon

moving from a para- and meta-substituted phenyl ring to an ortho substitution, for

CF3-substituted molecules (Figure 4.5). Hence, CF3 groups have been identified as

activity-increasing substituents.
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Figure 4.5: Visualisation of the TMACC/PLS logS model of the G5 data set showing the
effect of modifying a para-CF3-substituted molecule 15 (top, pIC50 = 5.3) to a meta-CF3-
substituted molecule 46 (middle, pIC50 = 5.9) and to an ortho-CF3-substituted molecule
14 (bottom, pIC50 = 6.5). Highlighted atoms indicated those that are most important for
decreasing (red) and increasing (blue) the potency of inhibitors. The orange colour indicates
a slight negative contribution to the activity of the molecule.

Another similar example is the F-substituted molecules (Figure 4.6). When the or-

tho-substituted molecule is studied, the contribution of the ortho-F group is coloured

in blue; hence, this substituent has been recognised as an activity-increasing group.

In the para-position, this group is coloured in red which means it was identified as

activity-decreasing substituent.

Figure 4.7 shows the different effects of the ortho-substituted Cl groups on activity.

All Cl groups are coloured in orange. This indicates an activity-decreasing group,
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Figure 4.6: Visualisation of the TMACC/PLS model showing the effect of modifying an-
ortho F-substituted molecule 19 (top, pIC50 = 5.8) to an-ortho F-substituted molecule 42
(bottom, pIC50 = 6.3). Highlighted atoms indicated those that are most important for
decreasing (red) and increasing (blue) the potency of inhibitors.

Figure 4.7: Visualisation of the TMACC/PLS model showing the effect of modifying an-
ortho single Cl-substituted benzamide inhibitor molecule 10 (top, pIC50 = 6.6) to a di-
ortho-Cl-substituted molecule 2 (bottom, pIC50 = 6.4). The orange colour provides a slight
negative contribution to the activity of the molecule.

but their effects are more moderate. The ortho single Cl-substituted molecule 10

is characterised by a pIC50 of 6.6 while the di- ortho-Cl-substituted molecule 2 has

an activity of 6.4. That means the pIC50 is reduced by 0.2 log units, which is not

significant within the experimental error of the assay. However, this reduced activity
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might be due to the extra Cl moiety on the ortho-position. This result is in contrast

with the previous results in chapter 3, which suggested that when a molecule has two

activity-increasing groups such as Cl substituents on the ortho-positions of a phenyl

ring, their impact on activity will increase (Figure 3.11). This could reflect that there

may be other influenced molecular properties beside the four studied in this 2D-QSAR

study. Or the lower accuracy of our best model might be lead to this conflict. Or it

could be that the β1 and β6 subunits have different binding requirements.

The presence of a nitrogen in a heterocyclic benzamide will influence αvβ6 activity,

especially when the nitrogen atom is at the para-position of the phenyl ring. TMACC

interpretation of two different inhibitors (Figure 4.8) is shown to explain this point.

The first is an inhibitor with high affinity (molecule 28, top) with a measured pIC50

of 7.4, and the other is a less active inhibitor (molecule 40, bottom), which had a

measured pIC50 of 5.2.

Figure 4.8: Visualisation of the TMACC/PLS model showing the nitrogen contribution to
the activity for the highest and the less active inhibitors; The first inhibitor is molecule 28
(top, pIC50 = 7.4) and the other inhibitor is molecule 40 (bottom, pIC50 = 5.2). Highlighted
atoms indicated those that are most important for decreasing (red) and increasing (blue)
the potency of inhibitors.

Figure 4.8 also shows that the TMACC highlights the quinoline 10 carbon atom in
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molecule 40, in blue, as activity-increasing. The electronic properties of nitrogen

atom may increase the activity. For example, a 1.0 log unit range in activity against

αvβ6 (pIC50 6.4 - 7.4) with molecule 2 showing the less potent activity and molecule

28 with a heterocyclic ring the most, suggesting that the electronic properties of the

nitrogen atom may increase the activity.

4.4.4 3D-QSAR analysis

4.4.4.1 Evaluating of 3D-QSAR models

We have followed the alignment procedure previously (see chapter 2). The aligned

molecules of the G5 data set are presented in Figure 4.9. Molecule 41 was used a

reference for alignment of the 3D molecular structures.

Figure 4.9: (A) Structural alignment of 46 benzamides according to OMEGA. (B) The
template molecule (compound 41)

To generate our models, we have considered all four property types individually:

charge, logP , logS, and MR, and for all possible combinations to yield a total of 15

models. The strongest relationship was logS model with a r2 and q2 of 0.32, and 0.12,

respectively (Figure 4.10).
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Figure 4.10: The correlation between the experimental and predicted pIC50 for the logS
(G5 data set); a regression line has been drawn through the data (solid line).

4.5 Conclusions

The present work derived 2D/3D-QSAR models to investigate the effect of each sub-

stituent of 46 compounds (G5 data set) on inhibition of the αvβ6 integrin. All 2D-

and 3D-QSAR models were validated using LOO-CV approach. The NCW software

was employed for both 2D- and 3D-QSAR methods.

The 2D-QSAR showed promising predictivity (r2 = 0.66 , q2 = 0.50, MAECV = 0.46)

and was noticeably better than the 3D-QSAR model. The best model indicates the

importance of the logS property. The NCW-2D interpretation using a colour scheme

for each property showed key features that influence the activity of the compound.

The visualised 2D-QSAR models indicate several positions on the phenyl ring where

modifications may increase activity. For example, the activity is increased upon mov-

ing CF3 substituents from a para- and meta-position to an ortho-position in molecules

15, 46 and 14. The 2D-QSARs suggest the mono-substitution in the ortho-position,

(molecules (14, 19) is influential for activity against αvβ6.
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However, this is not always true. For example, molecules 10 and 26 show a nega-

tive contribution to the activity. The mono-substituents in the para-position such

as molecules 15 and 43 are always gave negative contributions to the activity. This

study has confirmed the potential of the TMACC approach for the development of

QSAR models.

In contrast, the 3D-QSAR showed weak predictive results (q2 = 0.12). The calculated

statistical parameters (low r2 and q2 values) illustrated the low predictive ability of

the constructed 3D-QSAR models so that no further external validation such as Y-

randomisation was performed.

The utility of parametric and non-parametric regressors in the QSARs was also stud-

ied to generate predictive models for potent αvβ6 inhibitor. The SVM (RBFKernel,

PUK), MLP, IBk, M5P, RF, and REPTree algorithms were used and validated us-

ing the LOO-CV approach. The best non-parametric model (IBk model) achieves

a cross-validated q2 value of 0.63, corresponding to predictive utility. This model

suggests the importance of logS to the activity.
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Chapter 5

DFT Study of Conformations of

Benzamides

5.1 Introduction

Benzamide derivatives have been investigated in the pharmaceutical industry and in

diagnosing malfunctions in dopaminergic neurotransmission.205 They have also been

used widely in the treatment of diabetes, limiting tumour growth, and in the treat-

ment of IPF.206 The amide moiety is one of the most important functional groups in

medicinal chemistry. Peptides and proteins are composed of subsets of these amides.

In benzamides, the interaction between the amide and the phenyl groups is of fun-

damental interest. In QSAR studies, the biological responses elicited by drugs are

often correlated with a combination of physicochemical properties. From chapter 3

and chapter 4, we have noticed how drug–receptor interactions have dependencies

on factors such as logS, logP and MR. QSAR methods can use properties calcu-

lated by quantum chemical methods (chapter 2). Quantum chemical properties can

help find reliable relationships between descriptors and the biological activity for a

series of compounds so that these rules can be applied to predicting new chemical
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entities. A large number of molecular quantities and well-defined physical informa-

tion can be defined using quantum chemical approaches such as geometry, binding

properties, charges, energies of the highest occupied molecular orbital (HOMO), en-

ergies of the lowest unoccupied molecular orbital (LUMO), HOMO-LUMO energy

EGap, etc. Many quantum descriptors are introduced and discussed in detail else-

where.207–209 Although there is some natural overlap between experimental measure-

ments and quantum chemical descriptors, the latter do not have statistical errors.

Instead, the quantum descriptors have constitutional errors. These inherent errors

are linked to the assumptions required to serve the calculations, and are considered

approximately constant throughout the group of molecules.207

Calculating quantum chemical descriptors is time-consuming. Yet, the rising com-

putational power of hardware and reducing computational cost motivates chemists

to calculate various quantum descriptors for a wide variety of datasets. It is worth

mentioning that only a small subset of calculated descriptors provides valuable in-

formation with which to build a successful model. However, descriptor selection is a

challenging task.

5.1.1 A brief view of Density Functional Theory and Coupled

Cluster methods

Density functional theory (DFT) was developed by Hohenberg and Kohn in 1964210

and has been used for calculating a vast number of quantum and mechanical descrip-

tors. DFT is a kind of electronic structure calculation used to obtain the energetics,

structure and properties of atoms and/or molecules at lower cost than traditional ab

initio wave function techniques. There are many electronic structure theories besides

DFT, e.g. the Hartree–Fock (HF) method,211,212 Møller–Plesset perturbation theory

(MP),213 configuration interaction (CI),214 etc. The critical difference between these

theories and DFT is how each theory treats electron–electron interactions. HF, MP
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and CI methods rely on computation of the atomic wave function, while DFT does

not require a wave function. Instead, DFT requires computation of the total electron

density.

Coupled cluster with single and double excitations (CCSD)215 method is useful for

the study of small systems; however, for large molecules, the use of high-level CCSD

approach is costly. CCSD level geometry optimisation was performed on molecule 41

to compare the accuracy of other methods. In terms of the least accurate and low cost

methods, HF treats electron–electron interactions in a very approximate way. DFT

provides higher accuracy than HF calculations, but at a higher computational cost

than HF and a lower cost than CCSD. DFT become a powerful method for studying

large biologically relevant structures.

In this brief review we summarise the enormous potential of DFT and how DFT

can calculate quantum mechanical descriptors, which are very useful in QSAR studies.

The Schrödinger wave equation is the basic starting point for electronic structure

theory.

ĤΨ = EΨ (5.1)

where Ĥ is the Hamiltonian operator. Ψ is the wave function, which describes the

system of particles. E the total energy of the system. The Hamiltonian consists of

two main parts: the kinetic and potential energy operators (Ĥ = T̂ + V̂ ). For a

Coulombic system when invoking Born-Oppenheimer approximation, Ĥ is given by

Ĥ = −
N∑
i

1

2
∇2
i −

N∑
iA

ZA
|ri − rA|

+
N∑
i>j

1

rij
(5.2)

ZA represents a number of nuclei with charges ZA, and positions rA. The number

of electrons is N . ri represents the position of electron i and rij is the distance

between electrons i and j. T̂ in classical mechanics can be expressed in terms of the

momentum: T̂ =
1

2
mv2x; in quantum mechanics, the momentum is replaced by the

momentum operator: mvx = −ih̄ d
dx

. Then, T̂ = − h̄2

2m

d2

dx2
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The beginning of DFT dates back to the Hohenberg–Kohn theorem, which states

that potential energy is a functional of the ground-state density. Later on, Kohn and

Sham (KS)216 simplified the ground-state energy of DFT

E [ρ] = Ts [ρ] + Vne [ρ] + J [ρ] + Exc [ρ] (5.3)

where each functional was expressed explicitly in equations: 5.4-5.8. Ts [ρ] is the

kinetic energy of the electrons, ρ(r) is the electron density, Vne [ρ] represents the

potential energy of the nucleus and electron due to their Coulombic attractions, J [ρ]

is the classical electron–electron repulsion energy, and, finally, the Exc [ρ] term stands

for the exchange–correlation energy.217,218

Ts [ρ] =
∑
i

〈
φi

∣∣∣∣−1

2
∇2

∣∣∣∣φi〉 (5.4)

ρ(r) =
∑
i

|φi(r)|2 (5.5)

Vne [ρ] =

∫
ρ(r)v(r)dr (5.6)

J [ρ] =
1

2

∫ ∫
ρ(r)ρ(r′)

|r − r′|
drdr′ (5.7)

Exc [ρ] = (T [ρ]− Ts [ρ]) + (Vee [ρ]− J [ρ]) (5.8)

The Exc [ρ] term corrects the overly simplistic J [ρ] term, which is based on the av-

erage repulsion between electrons. The beauty of DFT is its simplicity. However,

its simplicity should not become a thoroughly empirical method, nor should it be as

complicated as the full configuration interaction (FCI) approach. One of the sim-
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plest functionals was local density approximation (LDA), which performed well with

geometries for small molecules. DFT was used convincingly when the seminal work

of Becke, Perdew, Langreth, and Parr introduced the first derivative of the density

in the form of the generalised gradient approximation (GGA).219,220 The following

significant improvement came with the addition of a fraction of Hartree-Fock exact

exchange in the functional, as described by Becke in the 1990s.220,221 Later on, the

B3LYP222,223 was introduced, the most extensively employed of all the functionals.220

5.1.2 Basis set

A basis set, in general, is a set of functions called basis functions that are used

to represent the electronic wave function. Molecular orbitals are made as a linear

combination of atomic orbitals (LCAO):

ψi =
n∑
n=1

cinφn. (5.9)

where ψi is the molecular orbital, cin are the coefficients of linear combination, φn

is the atomic orbital, and n is the number of atomic orbitals. There are two types

of basis functions commonly used in electronic structure calculations: Slater Type

Orbitals (STO) and Gaussian Type Orbitals (GTO). STO are mainly used for atomic

and diatomic systems where high accuracy is needed, and they have the functional

form shown in equation 5.10

ψSTOa,b,c (x, y, z) = Nxaybzce−ζr (5.10)

Here N is a normalisation constant, a, b, and c control angular momentum (L =

a+ b+ c), and x, y, z, and r measure a nucleus-electron distance. ζ represents width

of orbital: large ζ value indicates a tight function while small value gives diffuse

function. The GTO basis functions for molecules are most often chosen to be cartesian
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Gaussian functions and can be shown in equation 5.11

ψGTOa,b,c (x, y, z) = Nxaybzce−ζr
2

(5.11)

STO basis functions are more accurate than GTOs, but they are time-consuming.

This difficulty can be resolved by using a linear combination of n numbers of GTO’s

for achieving a certain accuracy compared with STO. This linear combination is often

called STO-nG. The basis set employed has usually been the 6-31G* family by Pople

et al.224 This basis set is a Gaussian-type orbital which is the most often used method.

The following basis sets were also used:225–227 6-311G*, 6-311G** and 6-311+G*.

In this chapter, we focus on the geometry of each benzamide derivative when

binds to the αvβ inhibitor. Our hypothesis states that the biological activity of each

molecule would vary based on the rotation of the phenyl ring which has different

substituents. To achieve that, the DFT was employed to calculate different molecular

descriptors. We also investigate the potential energy surfaces (PES) for each molecule

of our datasets. The correlations between the molecular descriptors and activities

were studies using QSAR models with several machine learning methods.

5.2 Computational Details

5.2.1 Datasets and molecular descriptors

The datasets comprise the G4 and G5 (chapter 3) sets of molecules. In chapter 2, we

have discussed in detail molecular descriptors and their importance in building useful

QSAR models. In this section, we will focus on six quantum molecular descriptors

that have been used to build our QSAR models.
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5.2.1.1 Boltzmann population of conformations

Benzamides have many conformational degrees of freedom. They also have dynamic

and thermodynamic properties, which can be determined by the nature of their PES.

Conformational analysis is used to find stable structures of conformers. PES can

be characterised by their minima, which correspond to stable configurations, and by

the transition state regions or the saddle points which determine the minima. The

Boltzmann equation can be written in term of the fractional population f and energy

E as follows:

f = exp(−βE) (5.12)

where β is the Boltzmann constant and has its usual form:

β =
1

kT
(5.13)

The Boltzmann fractional population (f) is an important statistical thermodynamic

concept in which the numbers of molecules in each state of a system can be calculated

at any given temperature. The Boltzmann relationship can be written as

Ni =
Ne−βEi

q
(5.14)

Ni is the number of molecules in a specific state, i with energy Ei, N is the total

number of molecules, T is the absolute temperature in Kelvin, q is the molecular

partition function, and k is a constant, 1.381 × 10−23 J/K.

The molecular partition function q can be defined in 5.14 as follow:

q =
Nstates∑
i=1

e−βEi (5.15)

The first exponential relation of the form of 5.12 for side-chain torsion angles of
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residues with aromatic side chains was proposed by Pohl.228 Such relations have

subsequently been considered for residues in secondary structures.229 The distribution

of benzamide conformations, in this study, is derived from energies calculated with

DFT.

5.2.1.2 Atomic charges

Due to the importance of electron densities and charges in many physicochemical

properties, charge based descriptors have been used as indices of intermolecular inter-

actions. In this study, two separate charge analysis methods were used: the Mulliken

charges calculated with the default setting in Q-Chem; and the electrostatic-potential-

based approach (ChelpG), wherein grid points with a smoothing function are used to

generate the molecular electrostatic potential. Charges derived from the electrostatic

potential using a grid-based approach (ChelpG)230,231 is a widely used approach for

estimating atomic charges from the electrostatic potential. A molecule is placed in

a centre of a cube, then atomic charges are fitted to generate the molecular electro-

static potential (MEP) at a number of points around the molecule (fitting approach).

It uses multi-spaced points around the investigated molecule at a distance of 2.8 Å

away from the nuclei. To avoid large distortions due to the nuclei, the points that

are located inside the molecular van der Waals radius are excluded from the fitting

approach.232

Martin and Zipse233 have used different quantum mechanical methods and ba-

sis sets to investigate the charge distribution in the water molecule. The atomic

charges for the oxygen atom in a water molecule and the correlated dipole moment

were calculated by HF, DFT and MP2 methods. The results were compared to the

experimentally measured water dipole moment. They found that ChelpG charge dis-

tribution can be predicted using minimal Pople basis sets such as the 6-31G* basis set.

However, choosing larger correlated-consistent basis sets with the B3LYP functional
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would be more reliable. The B3LYP calculations predict consistently smaller oxygen

charges compared to the HF method.233 The Mulliken charges cover a very broad

range of values from -0.35 to -0.87 at the B3LYP.233 In this study, we calculated the

ChelpG charges for each molecule. We have focused on calculating the net atomic

charges of the aromatic ring, which is the total net charge on each phenyl moiety and

use that as a molecular descriptor.

5.2.1.3 Molecular orbital energies

The highest occupied molecular orbital (HOMO) and lowest unoccupied molecular

orbital (LUMO) are frontier molecular orbitals (FMO)234 the energies of which direct

the chemical reactivity of chemical compounds. They have been used as a simple

indicator of kinetic stability207,208,235 in which a small HOMO-LUMO gap (EGap)

designates low kinetic stability and high chemical reactivity. The HOMO energy

(EHOMO) is linked to the ionisation potential and describes the sensitivity of the

molecule toward attack by electrophiles.207 The LUMO energy (ELUMO) is associated

with the electron affinity and defines the sensitivity of the molecule toward attack by

nucleophiles.207

5.2.1.4 Dihedral angle

Our attention was focused on the torsional, (ψ1, C1-C2-C3-N4), preferences for each

structure in G4 and G5 data sets. For all of the systems considered in this work, there

is one symmetrical minimum and two asymmetrical minima. For some molecules such

as 1, 2, 7, 21, 24, and 27, the dihedral angle is 180◦ at the symmetrical minimum

and around +90◦ and -90◦ at the two asymmetrical minima.
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Figure 5.1: The benzamide family, showing the scanned dihedral angle (ψ1, C1-C2-C3-N4).

We started our calculations on N -methylbenzamide (Figure 5.1) by performing full

geometry optimisation using different levels of theory. The structures were optimised

using MP2, DFT, with the B3LYP functional, and CCSD approaches. The 6-31G*

basis set with polarisation functions, which is common and often considered the best

compromise between accuracy and speed, was adopted throughout this work. All

calculations were performed with Q-Chem236 and the results were compared with

the experimental X-ray crystallographic data.237,238 Once the molecular descriptors

had been calculated, they served as independent variables in the construction of the

QSAR model.

5.2.2 Potential Energy Profiles of Methyl-Substituted Ben-

zamide

Relaxed conformational energy scans at the B3LYP/6-31G* level of theory were car-

ried out on the fragmented molecules G4 and G5 datasets. This PES involves the

rotation around the dihedral angle ψ1, Figure 5.1, in order to locate the minima on the

surface. The torsion angle was scanned from -180° to 165° at 15° intervals. Starting

from SMILES239 strings and SDF files, the PESs for N -methylbenzamide derivatives

were obtained by constraining ψ1 to a series of values and fully optimising the remain-

ing geometrical degrees of freedom. The influence of substituents on conformational

stability was investigated and we determined the most stable geometrical structure
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for each compound. DFT was used to calculate the energies of the highest occupied

molecular orbital (EHOMO), the lowest unoccupied molecular orbital (ELUMO) and the

gap energy (EGap) between them. The harmonic vibrational frequencies were calcu-

lated at the same theory level so as to confirm that minima had been detected (no

imaginary frequencies were seen and all frequencies were real). The (EHOMO), the

(ELUMO) and the (EGap) energies were used as molecular descriptors in addition to

the net ring charge from ChelpG (δ), the torsional angle of the global minimum (ψ)

and the Boltzmann population of the global minimum (f), to build our regression

models.

5.2.3 Machine Learning Methods

MLR was used to investigate the possible correlation of input parameters and the

biological activity. We have built 126 different MLR models for both the G4 and G5

datasets using 63 descriptor combinations. All possible combinations were generated

using a simple Python3.6 script, and the MLR models were built using Weka 3.9.1.

The previous six algorithms, chapter 2, were employed on both the G4 and G5

datasets. For each algorithm, 63 models were built using all combinations of the six

descriptors. Six different algorithms were used to build 441 models in total. The

predictive performances of the models have been assessed using the leave-one-out

(LOO) procedure.

The default setting of Weka were employed for all algorithms except the MLP

neural networks. Three main steps, as mentioned in Chapter 2, are required to

construct the MLP: choosing the radial basis function centroids, selecting the suitable

radius value, and determining the number of hidden layers. The neural network

created for this work was composed of an input layer, with the number of hidden

layer nodes being equal to that of the training set (e.g. 5 nodes in G4 and G5

datasets, respectively), and an output layer with only one normalised output node.
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The quantum chemical descriptors were used as inputs. The input layer has six input

nodes (six quantum parameters).

5.3 Results and discussion

5.3.1 Optimised parameters

Several levels of theory were employed on molecule 41 (Table A.1), as a primary

example for our dataset, so as to compare the speed and accuracy of the methods.

The optimised geometries are presented in Table 5.1. The optimised geometries at

the B3LYP/6-31G* level showed good agreement with the crystal structure confor-

mations.237,238 As a result, the B3LYP/6-31G* was used in this work to calculate the

PESs for the remainder of our molecules.

Parameter
Gas-phase Crystal

MP2/6-31G* B3LYP/6-31G* CCSD/6-31G* X-ray (Ref.237,238)

rC1−C2 / Å 1.39 1.40 1.39 1.38
rC2−C3 / Å 1.49 1.50 1.50 1.50
rC=O / Å 1.23 1.23 1.22 1.23
rC3−N4 / Å 1.36 1.37 1.36 1.34
rN4−C3 / Å 1.45 1.45 1.45 1.46

< C1−C2−C3 / ° 117.5 117.4 117.6 118.0
< C2−C3−O / ° 122.2 121.8 122.0 121.0
< C2−C3−N4 / ° 115.4 116.2 115.8 117.0
< N4−C3−O / ° 122.2 121.9 122.2 122.0

ψ1 / ° 28.5 22.1 27.5 22
ψ2 / ° 175.1 175.8 174.8 175

Table 5.1: Calculated and experimental geometric parameters at the optimised minimum for
the N -methylbenzamide at different levels of theory. ψ2 = C2-C3-N4-C. Total energies at the
minimum: E(MP2) = −438.912476 au: E(B3LY P ) = −440.2616384 au, and E(CCSD) =
−438.963912 au
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5.3.2 The PES profiles for the G4 and G5 datasets

5.3.2.1 The PES curves for ortho-alkyl substituents

Additional relaxed PES scans, computed at the B3LYP level of theory and several

split-valence basis sets with polarisation functions were explored:240,241 6-31G*, 6-

311G*, 6-311+G* and 6-311G**, to investigate the variation in the PES between 2-

isopropyl-N -methylbenzamide 20 (Figure 5.2a) and 2-cyclopropyl-N -methylbenzamide

22 (Figure 5.2b), respectively. Molecule 22 has a pIC50 of 7.5 against αvβ1, which is

0.9 larger than for molecule 20. These molecules are sterically similar but electron-

ically different. Thus, we need to explain the effect of such substituents on the PES

and activity. The results of calculations were fairly sensitive to basis sets (as discussed

later) in the case of 20 and insensitive in the case of 22. The steric interactions be-

tween the N–H bond and the phenyl hydrogens in 20 and 22 led to asymmetrical

PES curves.

(a) Molecule 20 (b) Molecule 22

Figure 5.2: PES scans of molecules 20 and 22

We expected to see similar PESs for 20 and 22, but they were different. Therefore,

the PESs were calculated using a variety of different basis sets: 6-31G*, 6-311G*,

6-311+G* and 6-311G**. The energy differences (∆E) are the calculated energy

differences between the energy at the global minimum (EGM) and the local minimum

energy (ELM), and are shown in Tables 5.2 and 5.3, respectively.
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Property
B3LYP

6-31G* 6-311G* 6-311+G* 6-311G**

ψGM/° +150 +135 +135 +135
ψLM/° -135 -135 -120 -135

∆E / kcal/mol 0.76 0.56 0.36 0.60

Table 5.2: Locations of local (LM) and global (GM) minima and relative energies for
molecule 20 using the B3LYP level of theory and different basis sets.

Property
B3LYP

6-31G* 6-311G* 6-311+G* 6-311G**

ψGM/° -135 -135 +135 +135
ψLM/° +135 +135 -135 -135

∆E / kcal/mol 0.04 0.03 0.09 0.02

Table 5.3: Locations of local (LM) and global (GM) minima and relative energies for
molecule 22 using the B3LYP level of theory and different basis sets.

A global minimum at +150° was determined for molecule 20 and a maximum at

+15°. The barrier height of 20, relatively to 22, was shifted upwards to 5.8 kcal/mol

at 15°. The global minimum of 20 was characterised by a non-planar geometry

wherein the N–H bond was in an opposite direction to the isopropyl moiety. Both

CH3 groups at the minimum are twisted. The geometry of 20 reflects the large steric

effect when the C=O/phenyl torsion angle is close to planarity. Molecule 22 shows

that the N–H bond of the amide group is aligned in the same plane of the benzene ring

and the carbonyl bond is trans to the cyclopropyl ring. At the minimum for compound

22, the steric strain is minimised by rotating the C=O/phenyl torsion angle to -135°.

By comparing the calculated energy differences, ∆E between 20 and 22, the effect of

H atoms might play an important role by shifting the energy differences downwards

to 0.36 kcal/mol between the two minima in the case of 20 (Table 5.2). On the other

hand, as in the case of 22, such an effect is small and can be neglected (∆E < 0.1

kcal/mol, Table 5.3). The global minimum for 23, Figure 5.3, was located at -135°

with a twisted geometry, in which the C=O group was trans to the benzene ring in
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order to minimise the steric effect. The ethyl group at the minimum tends to be

in-plane and oriented away from the carbonyl bond.

Figure 5.3: A histogram of calculated torsion angle distribution of molecule 23 with the
calculated B3LYP/6-31G* PES.

All PESs for both datasets are presented in Figure A.1. The histograms and

relative PES energies were generated for all molecules. The energy at each i on

the PES is subtracted from the energy at the global minimum. All histograms are

superimposed on the calculated B3LYP/6-31G* torsional profiles of the corresponding

model compounds (Figure A.1).

Figure 5.4: A histogram of calculated torsion angle distribution of molecule 2 with the
calculated B3LYP/6-31G* PES.

Figure 5.4 presents the calculated energy curve and the histogram for molecule 2.
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The energy curve has four minima, corresponding to the minimum at -165° and +165°,

and the other minima at approximately +65° and -65°. In general, the calculated

Boltzmann populations are bimodal through the PES curve. However, the population

spreads across the surface when the energy barrier between two minima becomes low

(Figure 5.5)

Figure 5.5: B3LYP/6-31G* PES for six molecules with different moieties where molecules:
2 in green solid-squares, 3 in brown circles, 4 in black squares, 21 in red triangle, 24 in
blue pentagons, and 27 in cyan diamonds.

Figure 5.5 shows that molecules 2, 3, 4, 21, 24 and 27 can adopt low energy

conformations near the twisted geometries at -90° and +90° approximately. They

were predicted to possess unfavourable orientations at 0°.
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Figure 5.6: B3LYP/6-31G* PES for molecule (9 in red) and (13 in blue). The 0° orientation
is the global minimum for 13 and a maximum for 9.

The O-Cl syn conformation (ψ = 0°) for molecule 9 is predicted to lie 6.3 kcal/mol

higher in energy above its -150° minimum (Figure 5.6). Conversely, molecule 13

would increase the population of the (0°) conformer via replacing the ortho-chloro

with ortho-bromo (ψ = 0°; Figure 5.6). Molecules 1, 21 and 24 have symmetrical

PESs with two twisted geometries at the global minima, in which 98.5–99.8% of

the population is located at (±105°) for 21 and 24, and (±95°) for 1. The twisted

geometries for 21, 24 and 1 can be rationalised by the large steric effect of the methyl

and chlorine substituents on the ortho-positions. Compounds 21 and 24 have very

similar PESs, which means that the extra methyl group on the para-position for 21

has an insignificant effect on the energy profile. The atomic ring net charges varied

from -0.43 to -0.36 a.u. for 21 and 24, respectively. Adding a methyl substituent at

the ortho-position decreases the number of minima to only two distinctive minima at

±105° and the maximum is located at 0°. The steric effect which resulted from the

addition of methyl groups on ortho-positions was not affected by more methyl groups

to the meta- and/or para-substituents on the PES. The steric effect can be minimised

in 24 and 21 by aligning the amide group perpendicular to the aromatic ring. The

global minima turn out to be planar geometries for 13 and 19 and are located at ψ1
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= 0° and ψ1 = -180° for 13 and 19, respectively, with almost 100% of the population.

This planarity might occur due to the possibility of a hydrogen bond between the

NH and the fluorine. The strength of the hydrogen bond donation and the polarity

of the fluorine increase the chance of making the hydrogen bond for both molecules.

5.3.2.2 The delocalisation effect on the minimum geometry

The global minima for 2-methoxy-N -methylbenzamide and molecule 44 are located at

ψ1 = 0° and ±15°, respectively, with a very high percentage of the population located

there. The distribution at these global minima is due to the orbital delocalisation

between the methoxy group (-OCH3) in the ortho- and para-positions of the amide

group with the amide moiety itself, and the phenyl ring (Figure 5.7). The calculated

and experimental distances between the methoxy protons and N–H bond are 3.10 Å

(this work) and 2.97-3.06 Å based on the NMR study of Liu et al.242 Our calculations

agree with this report and confirm the presence of a persistent intramolecular H bond

between the methoxy and the N–H moieties.

Figure 5.7: Resonance structure, showing the orbital delocalisation between the methoxy,
the phenyl ring and the amide group in 2-methoxy-N -methylbenzamide.

We have used an external molecule, which is not in G4 or G5 datasets, as an exam-

ple (2-cyano-N -methylbenzamide) to confirm whether delocalisation is the reason be-

hind the planar geometry. Both PESs for 2-methoxy- and 2-cyano-N -methylbenzamides

show planar geometry is the global minimum energy (Figure 5.8).
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Figure 5.8: Two examples of PES profiles for 2-methoxy- and 2-cyano-N -methylbenzamides
show the delocalisation effect on the stability of the global minima. They are presented in
blue pentagons and red squares, respectively.

5.3.2.3 Effect of halogens on internal rotation of aromatic amide

We considered halogens in three different positions — ortho-, meta- and para- — on

the benzene rings. In the ortho-positions, the energy barrier varied from 5.8 kcal/mol

in 10 to 7.4 kcal/mol in 19. Two global minima were determined for each molecule:

at -180° for 19, ±150° for 10, and ±105° for 1. The global minima are planar for 10

and 19 where the amide hydrogen interacts with the halogens, and two distinctive

twisted geometries were also located at each local minimum. The global maxima were

planar for all of the mentioned derivatives. At each maximum, the repulsion forces

are larger due to the steric interactions between the oxygen and the halogen. For

molecule 19, the global minimum was 5.6 kcal/mol lower than the local one. The

local minimum for 10, on the other hand, was only 2.2 kcal/mol higher than the

global minimum. By comparing 10 and 19, it was found that the large size of the

chlorine atom prevents 10 from being planar at the global minimum and shifts the

torsional angle to -150°.

We have also noticed that the atomic size of the substituent on the ortho-position

plays a critical role in the energy barrier. For instance, a general PES comparison
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between molecules 5 and 27 was performed. The large atomic size for bromine leads

to approximately double the energy barrier (∆E5 = 5.3 kcal/mol for 5 and ∆E27 =

9.8 kcal/mol for 27) when compared with chlorine (Figure 5.9).

Figure 5.9: The B3LYP/6-31G* PES curves for molecules 5 and 27 show the atomic size
effect of a substituent on the energy barrier. Molecule 5 is shown in blue pentagons and
molecule 27 is in red squares.

When substituting different halogens — Cl−, Br− and F− — in the meta- and

para-positions, we found that the substituents in these positions did not affect the

PES much, as expected. Less than a 0.02 kcal/mol change in the barrier height was

calculated among them. The PES curves for molecules 12, 15, 18 and 25 confirm

the insignificant influence of meta- and/or para-substituents. Regardless of the size

of the substituent in meta- or para-positions to the amide bond: p-Cl and m−CF3

in 12, p−CF3 in 15, m−F and p−F in 18, and (m−OCH3 and p−OCH3) in 25,

the effect on the PES is insignificant (see the PES profiles for molecules 42 and 43

Figure A.7)

5.3.2.4 Mulliken vs. ChelpG

As expected, the Mulliken charges showed a broader range of values when compared

with the ChelpG charges. For example, it was found that the carbonyl oxygen charge
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(using Mulliken) varied from -0.47 to -0.57 a.u. In ChelpG, the relative charge varied

from -0.45 to -0.54 a.u. among the G4 and G5 molecules. Figure 5.10 shows a

comparison between the two different population methods. Molecule 43 was chosen

as an example to show the charge distributions for 19 atoms in the molecule. We can

see that ChelpG shows a narrower distribution of atomic charges against the Mulliken

method.

Figure 5.10: Atomic partial charges calculated with the Mulliken and ChelpG methods for
molecule 43

5.3.3 QSAR with machine learning analysis

5.3.3.1 MLR results

MLR was used to investigate the possible correlation of input parameters and the

biological activity. The MLR results are shown in Table 5.4. From Table 5.4 it

can be seen that there is no simple linear correlation between the predicted and

experimental activities. The most predictive models were (ψ, f , and EGap) and (ψ,

f , and EHOMO) models with q2 values of 0.20 and 0.13 for activity against the αvβ1

and αvβ6 integrins, respectively.
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Compound δ ψ f EHOMO ELUMO EGap

αvβ1 αvβ6

Exp. pIC50 Pred. pIC50 Exp. pIC50 Pred. pIC50

1 -0.39 -60 18 -0.244 -0.030 -0.214 8.3 7.8 7.0 6.6
2 -0.53 -90 18 -0.251 -0.032 -0.219 8.8 7.9 6.4 6.8
3 -0.04 105 10 -0.246 -0.025 -0.221 8.6 7.8 7.3 6.8
4 0.15 -60 9 -0.251 -0.042 -0.209 8.5 7.9 7.8 6.9
5 -0.23 -75 10 -0.249 -0.032 -0.217 8.5 8.0 7.6 6.8
6 -0.03 -90 7 -0.245 -0.026 -0.219 7.8 8.1 7.2 6.9
7 -0.17 -105 10 -0.253 -0.041 -0.212 8.2 7.9 7.8 6.9
8 0.16 135 10 -0.251 -0.049 -0.202 8.6 8.0 8.0 6.8
9 -0.55 -150 14 -0.253 -0.049 -0.204 7.7 7.4 7.8 6.8
10 -0.59 -150 16 -0.250 -0.040 -0.210 8.2 7.8 6.6 6.5
11 -0.40 45 19 -0.247 -0.033 -0.214 7.9 7.8 7.7 6.7
12 -0.55 15 15 -0.259 -0.059 -0.200 6.7 7.8 6.4 6.9
13 -0.24 0 33 -0.253 -0.050 -0.203 8.1 7.5 7.4 6.9
14 -0.58 -45 21 -0.248 -0.046 -0.202 8.1 7.7 6.5 6.7
15 -0.60 165 38 -0.255 -0.055 -0.200 7.5 7.7 5.3 6.6
16 -0.28 165 30 -0.250 -0.055 -0.195 7.3 7.4 7.0 6.7
17 -0.29 -180 37 -0.247 -0.042 -0.205 7.6 7.4 6.9 6.4
18 0.09 -165 11 -0.252 -0.042 -0.210 7.2 8.0 6.2 6.7
19 -0.30 -180 38 -0.248 -0.039 -0.209 7.7 7.8 5.8 6.5
20 -0.47 135 31 -0.238 -0.021 -0.217 6.6 7.7 5.4 6.5
21 -0.03 105 10 -0.227 -0.006 -0.221 8.0 8.1 7.3 6.6
22 -0.47 -135 18 -0.228 -0.020 -0.208 7.5 5.9 6.6 6.6
23 -0.47 -135 27 -0.238 -0.022 -0.216 7.8 7.7 7.1 6.5
24 -0.25 105 11 -0.233 -0.009 -0.224 8.2 8.1 6.2 5.2
25 0.10 -165 20 -0.206 -0.021 -0.185 7.1 7.5 <5.0 6.3
26 -0.74 -180 86 -0.255 -0.064 -0.191 7.0 5.7 6.2 6.9
27 -0.47 -90 18 -0.251 -0.032 -0.219 8.3 7.9 6.8 6.8
28 -0.44 -90 15 -0.264 -0.055 -0.209 8.8 7.8 7.4 6.5
29 -0.54 60 17 -0.243 -0.045 -0.198 7.5 7.4 6.4 6.6
30 -0.50 75 14 -0.256 -0.048 -0.208 8.4 7.8 7.2 6.9
31 -0.54 60 20 -0.247 -0.048 -0.199 7.0 7.7 6.5 6.7
32 -0.39 -45 18 -0.243 -0.038 -0.205 7.4 7.8 6.3 6.8
33 -0.42 -135 14 -0.107 -0.011 -0.096 7.5 7.8 5.8 5.0
34 -0.42 150 34 -0.110 -0.010 -0.100 6.8 7.4 5.1 5.1
35 -0.28 -180 36 -0.228 -0.067 -0.161 6.2 7.0 6.0 6.9
36 -0.50 -135 17 -0.231 -0.035 -0.196 6.8 6.0 6.4 6.7
37 -0.31 30 17 -0.236 -0.045 -0.191 6.9 7.6 6.6 6.8
38 -0.31 -15 24 -0.218 -0.026 -0.192 7.2 7.5 8.1 6.3
39 -0.29 150 38 -0.238 -0.037 -0.201 6.8 7.7 6.8 6.3
40 -0.07 -120 21 -0.226 -0.060 -0.166 6.1 7.4 5.2 6.5
41 -0.67 165 11 -0.243 -0.033 -0.210 5.9 6.9
42 -0.29 165 11 -0.247 -0.034 -0.213 6.3 6.7
43 -0.59 -30 33 -0.248 -0.041 -0.207 6.1 6.5
44 -0.29 -15 14 -0.224 -0.022 -0.202 5.5 6.6
45 -0.54 -15 11 -0.255 -0.054 -0.201 6.0 6.3
46 -0.60 15 13 -0.253 -0.05 -0.203 5.9 6.8

Table 5.4: The calculated descriptors and the predicted pIC50 for both the G4 and G5
datasets assessed in LOO-CV on the training set.
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A nonlinear method neural network was applied to predict the pIC50 values. The

structure of the neural network is 6-5-1 in the case of the G4 dataset and 6-5-1 in

the G5 dataset. The most predictive MLP model was characterised by a q2 of 0.44.

According to the employed machine learning algorithms in the G4 and G5 datasets,

only 28 out of 441 models provided a q2 higher than 0.40 (Table 5.5).

The SMO, MLP, IBk, M5P and REPTree algorithms gave models with q2 values

smaller than 0.50, and they performed worse than the RF and SVM algorithms.

Unfortunately, all built models for the G5 dataset show only a weak correlation with

the biological activities with cross-validated q2 below 0.30.
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Table 5.5: The most predictive models using the SVM (RBFKernel), MLP, IBk, M5P, RF
and REPTree approaches for G4 in αvβ1 inhibitor.

Training Validation

Methods Model r2 MAE RMSE q2 MAERMSE

SVM (RBFRegressor) ψ, f , EHOMO, ELUMO, EGap 0.68 0.33 0.41 0.50 0.43 0.52
EHOMO, ELUMO, EGap 0.65 0.33 0.43 0.50 0.38 0.51

EHOMO, EGap 0.61 0.34 0.45 0.49 0.41 0.52
ψ, δ, EHOMO, EGap 0.68 0.31 0.40 0.47 0.40 0.53
ψ, δ, f , ELUMO, EGap 0.65 0.34 0.42 0.45 0.43 0.54

MLP δ, f , EHOMO, ELUMO, EGap 0.67 0.37 0.44 0.46 0.44 0.55
f , EHOMO, ELUMO, EGap 0.64 0.35 0.43 0.45 0.46 0.63
ψ, f , ELUMO, EGap 0.69 0.33 0.40 0.42 0.51 0.71
δ, f , EHOMO, EGap 0.62 0.35 0.44 0.42 0.51 0.71

δ, EGap 0.54 0.39 0.49 0.41 0.44 0.56

IBk ψ, f , EHOMO, EGap 0.66 0.35 0.44 0.46 0.42 0.54
ψ, f , EGap 0.68 0.35 0.42 0.45 0.43 0.54

δ, EHOMO, EGap 0.65 0.38 0.45 0.42 0.44 0.55
EHOMO, ELUMO, EGap 0.60 0.39 0.47 0.40 0.47 0.57

EHOMO, EGap 0.61 0.36 0.45 0.40 0.44 0.56

M5P δ, f , EHOMO, ELUMO, EGap 0.67 0.35 0.42 0.40 0.43 0.56
f , EHOMO, ELUMO, EGap 0.63 0.36 0.45 0.40 0.44 0.56

f , EHOMO, EGap 0.63 0.36 0.45 0.40 0.45 0.56

RF ψ, f , EHOMO, ELUMO, EGap 0.95 0.15 0.19 0.51 0.41 0.50
ψ, EHOMO, ELUMO, EGap 0.93 0.17 0.20 0.48 0.42 0.52

ψ, δ, f , EHOMO, ELUMO, EGap 0.95 0.15 0.19 0.47 0.44 0.52
ψ,f , EHOMO, EGap 0.94 0.16 0.20 0.47 0.43 0.53
f , EHOMO, EGap 0.93 0.17 0.20 0.47 0.44 0.53

REPTree EGap 0.62 0.35 0.44 0.44 0.44 0.54
ψ, δ, EGap 0.54 0.38 0.49 0.43 0.43 0.55
ψ, EGap 0.54 0.38 0.49 0.43 0.43 0.54

ELUMO, EGap 0.60 0.37 0.45 0.41 0.46 0.55
δ, EGap 0.54 0.38 0.49 0.41 0.45 0.55
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Table 5.5 shows only the best models of the αvβ1 integrin data generated by each

of the methods examined in this study. Up to five models are shown per approach,

with the best defined with respect to each of the three predictive measures in turn, q2,

RMSE and the MAE. As described previously, all possible sets of the six descriptors

were analysed, i.e. six one-descriptor models, 15 two-descriptor models, 20 three-

descriptor models, 15 four-descriptor models, six five-descriptor models, and a model

using all six descriptors, giving a total of 63 models. A similar number of combinations

and models were generated for the αvβ6 inhibitor, but, no predictive model was found.

In Table 5.5, we have only shown the predictive models among the αvβ1. The M5P

performs worse than the MLP, IBk models or the REPTrees. The SVM and the

other nonparametric approaches outperform the MLR with respect to cross-validated

parameters q2 and MAE. A model may be considered significant if q2 > 0.5. In this

case, RF (one out of 63) is the most accurate and M5P (three out of 63) is the least

robust. We have used two different distance functions, i.e. Euclidean or Manhattan.

The Euclidean function calculates the square root of the sum of the squares of the

differences of the coordinates. For example, if x=(a,b) and y=(c,d), the Euclidean

distance between x and y is
√

(a− c)2 + (b− d)2. In Manhattan, we take the sum of

the absolute values of the differences of the coordinates. For instance, if x=(a,b) and

y=(c,d), the Manhattan distance between x and y is |a− c| + |b− d|. However, the

IBk method did not change the overall quantitative picture when using these distance

functions. The IBk remains poorer than the SVM and RF methods.

5.4 Conclusions

A quantum chemical investigation into 40 benzamide derivatives (G4) and 46 other

compounds (G5) was performed in order to understand the relationships between the

physicochemical properties of all the datasets with their pIC50 values. PES scans
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show twisted geometries with a higher population at each global minimum for com-

pounds 1, 5, 14, 21, 24, 28, 29 and 30, (Figure A.1). The data presented here on

compounds 10, 18 and 19 show the effect of ortho-substituents on the PES. Upon

adding weaker H-bonding acceptors such as (Cl− and F−)243–245 to the ortho-position,

the barrier increases to 0.5 and 5.8 kcal/mol for 18 and 10, respectively. It also in-

creases from 0.5 kcal/mol in compound 43 to 7.2 kcal/mol in compound 9.

In the gas phase, our results indicate that F− and OCH3 ortho-substituents are mainly

in the H-bonded structures with planar geometries. However, higher flexibility was

exhibited in the Cl− ortho-substituent, as only 22% of the conformation is intramolec-

ularly H-bonded. The presented PESs for 10 and 19 are in good agreement with the

NMR and DFT results which were reported by Galan et al.246 and Abraham et al.238

With this study, we have demonstrated the efficacy of quantum chemistry in the gen-

eration of descriptors for QSAR studies with benzamide derivatives. We have further

illustrated how to perform QSAR models through SOM, SVM, IBk, MLP, RF and

REPTrees. Structure information encoded in the six molecular descriptors — ψ, δ,

f , EHOMO, ELUMO, and EGap — indicates a satisfactory correlation between our de-

scriptors and the observed pIC50. From the presented analysis, we can conclude that

the molecular descriptors have some usefulness in QSAR studies.
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Chapter 6

Excited States of Toluene

“ I am grateful to Dr David Robinson whom I have had the pleasure to

work with on this chapter. Many thanks to him for his contribution

and collaboration.

”

6.1 Introduction

Small benzene derivatives have been used widely as biological chromophores due to

their unique biochemistry and photophysical properties.247 Toluene is an example

of these chromophores and has been the subject of many spectroscopic investiga-

tions.248–251 Most proteins have many chromophores such as phenylalanine, tyrosine,

and tryptophan, which contribute to their near-UV spectroscopy. To calculate the

near-UV CD spectra of proteins, knowledge of the electronic transitions of model

chromophores like phenylalanine or 2-amino-3-phenylpropanoic acid is required. The

wave functions of the ground and excited states can only be calculated using ab initio

methods. Electronic interactions between ground and excited states in the toluene
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would provide insight into the electronic structure of phenylalanine. This can be

investigated by using multi-configurational methods.

The fluorescence excitation spectra of the ground state (S0) and excited (S1) states

of toluene have been measured by a supersonic free jet-cooled spectroscopy249,250,252–256

and with resonance-enhanced multiphoton ionisation (REMPI), zero-kinetic-energy

(ZEKE), and time-resolved slow-electron velocity map imaging (tr-SEVI) spectroscopy.256–259

These experimental studies provided the data to which one may compare our calcu-

lations.

The ground state geometry of toluene has been determined by microwave spec-

troscopy,249 gas-phase electron diffraction,260 liquid-phase Raman backscattering spec-

tra,261 and by IR-UV double resonance spectroscopy.249,254 In the S0 state, eight bands

have been identified in the UV-IR spectrum.254 These bands are classified into two

groups. The first group appears above 3000 cm−1, which is assigned as phenyl a1 CH

stretches:253,254 intense bands at 3087, 3063, and 3055 cm−1.253 The other group is

the vibrations which appear below 3000 cm−1. These lower energy vibrations are the

CH3 stretches of the methyl group.

A fluorescence excitation spectrum for the S1-S0 transition of toluene in a jet-cooled

molecular beam was measured by Hickman et al.253 Hickman’s group suggested three

main band spectra in the S0 state excluding the phenyl a1 CH stretches (region 1).

Region 2 has the b2 modes between 1250 and 1500 cm−1. In this region, four funda-

mental vibrations were detected: one associated with the CH3 group and three with

the phenyl ring. In region 3, various studies262,263 reported the b2 methyl asymmetric

bend between 967 and 1060 cm−1. In an early study, Hopkins et al.252 determined the

excitation of the first singlet-singlet band in jet-cooled of toluene, the 11A1 − 11B2

transition, at around 4.68 eV.252 Another study264 has determined the S0 band to

be at 4.65 eV249,264 and 5.7 eV for the first excited state S1 by time-resolved pho-

toelectron imaging spectroscopy. In another study, Borst and Pratt investigated the
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structure and dynamical behaviour of toluene in its ground and excited states.249 In

the methyl torsional mode, a small barrier height in the ground state of toluene has

been determined to be 4.87 cm−1 for the S0 state and 26.4 cm−1 for the S1 state.249

The S0 state was determined at 4.65 eV and the internal rotor constant F is: 5.29

cm−1.249 Only six bands were identified by Minejima et al.254 Vibrations that ap-

pear above 3000 cm−1 were assigned to the aromatic CH stretches. The observed

frequencies for CH stretching vibrations in the S1 of toluene are higher than the cor-

responding modes in the S0 state.254

We now briefly review relevant theoretical studies. Many studies have considered

different labelling systems for vibrational states of toluene.265 Heickman et al.253 em-

ployed the Mulliken266 labelling scheme, which is the method we consider in this

work. This scheme was originally used by Herzberg.267 In this method, the vibrations

were listed in descending order within each irreducible representation based on the

suggested symmetry. Toluene was assumed to have C2v symmetry and its vibrations

would be arranged in terms of a1, a2, b1, and b2 modes. The methyl group is treated

as a point mass. This means that one vibrational mode of the 39 normal vibrational

modes of toluene is probably better considered as a torsion mode.

Several theoretical studies of the excited states of toluene have been conducted. For

example, Hameka and Jensen263 performed multi-configurational self-consistent-field

(MCSCF) calculations, using a 6-31G* basis set, which placed the S0 transition at

4.58 eV and the S1 transition at 5.20 eV. In a complete active space self-consistent

field (CASSCF)268,269 approach, three sets of orbitals are defined. Closed orbitals,

also known inactive orbitals, are doubly occupied and can be considered as the lowest

orbitals. On the other hand, the highest virtual orbitals represent unoccupied or-

bitals. The active orbitals lie between the closed and the virtual unoccupied orbitals.

In the work of Hameka and Jensen,263 the active space was characterised by four

electrons in four orbitals. They also estimated the zero-point energies to be 365.2
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and 340.4 kJ/mol for the S0 and S1 states, respectively. Another study250 reported a

CASSCF(6, 6) calculation with a 6-31G* basis to investigate the S0 and S1 states of

toluene. Six electrons in six orbitals were chosen as an active space and the S1 − S0

transition was predicted to be at 4.65 eV. The barrier heights of the methyl torsional

frequency, V6, are calculated to be 1.8 for the S0 state and 22.6 cm−1 for the S1 state.

Cogan et al.270 have also reported CASSCF calculations with the correlated-consistent

polarised double zeta cc-pVDZ basis set. The 0-0 transition was calculated to be 3.59

eV. The active space was characterised by seven orbitals with eight electrons; the six

π orbitals (three occupied and three unoccupied) and the occupied π pseudo orbital

of the CH3 group. Another theoretical study270 reported an intersystem crossing at

singlet conical intersection (ISC) in toluene. The ISC, which is an intermediate be-

tween the ground state and the first excited singlet, was located at 4.67 eV.270 This

conical intersection (ConInt) is believed to occur due to the electronic transition from

the higher singlet state S1 to the ground S0 state.270

A recent study256 reported DFT and time-dependent density functional theory

(TD-DFT) calculations for the S0 and S1 states of toluene, respectively. In order

to obtain all real vibrational frequencies, the methyl group for the S0 and S1 states

had to be oriented in a staggered conformation; one of the C-H bonds is perpendic-

ular to the benzene ring. In our study, we employed the DFT, TD-DFT, CASSCF,

and multi-configurational second-order perturbation (CASPT2)272,273 approaches to

better understand the ππ∗ transitions in toluene. State averaged calculations were

performed over the excited states of interest when using the CASSCF method. We

used CASPT2 to account for the dynamical electron correlation. Our goal was to

perform calculations on toluene within a consistent framework, in which no special

treatment is required for a particular state, to provide a clear basis for investigation

of phenylalanine.
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6.2 Computational details

Our calculations in this work were performed with the Q-Chem236 and MOLPRO271

suite of programs with different levels of theory and basis sets. Two different toluene

conformations (eclipsed and staggered) were investigated (Figure 6.1).

Figure 6.1: A two-dimensional diagram of the staggered conformation of toluene defining
the coordinate system

The eclipsed form represents the conformation where one of the CH bonds of

methyl group is parallel to the benzene ring. In the staggered conformation, one of

the CH bonds of the methyl group is perpendicular to the benzene ring. Both geome-

tries were optimised using a variety of ab initio calculations. Figure 6.1 shows the

two-dimensional structure of the staggered toluene conformation with the numbering

system used in our calculations. The ground electronic state for both conformations

were optimised using MP2, B3LYP, CASSCF, and CASPT2 approaches. A 6-31G*

basis set has been employed in all optimisations. Geometrical parameters for the

ground states were firstly optimised using MP2 and B3LYP. These have been used

in the subsequent CASSCF, and CASPT2 calculations as initial coordinates when

calculating the excited state geometries and harmonic vibrational frequencies.

For the calculations of the excited state, we have used TD-DFT274 to optimise struc-

tures for the first five excited states (S1-S5), of both geometries at the ΩB97X-D275/6-

31G* level. These calculations included five roots and excluded the ground state.

Symmetry was imposed in the TD-DFT calculations: the staggered form has Cs
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symmetry. Energies and the transition dipole moments of both conformations were

calculated.

Because we are concerned with the ππ∗ transitions in toluene, the obvious choice

of active space is to include all the π orbitals and electrons involved in the valence

transitions (6, 6) as a first choice. The configurations of symmetry and spin in a

CASSCF calculation, are generated from all possible arrangements of the active elec-

trons among the active orbitals. A state-averaged procedure can provide molecular

orbitals for several electronic states in which all of these states are simultaneously

treated. The ground state of toluene has the electronic configuration X̃1A1. Different

active spaces were used in our calculations. In the first CASSCF and CASPT2 cal-

culations, the active space was six electrons in six orbitals (three occupied and three

virtual). Symmetry was imposed in each calculation and the active space was (28;

22). 28á orbitals were treated as closed and 22á orbitals were occupied. i.e., three

unoccupied orbitals (26á - 28á) and three occupied orbitals (23á - 25á) See Figure 6.2.

Figure 6.2: A molecular orbital diagram shows the six selected orbitals for the active space
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Energy and permanent dipole moments for the ground state of the staggered

toluene were calculated. The active space may be defined as six electrons in seven á

orbitals (three occupied and four virtual). The additional virtual orbital in the active

space is included to identify Rydberg orbitals and to minimise any valence mixing.

6.3 Results and discussion

6.3.1 Geometries

The X̃1A1 equilibrium geometries for each conformation were optimised at the MP2,

B3LYP, CASSCF, and CASPT2 levels, and the optimised parameters are shown in

Table 6.1. At the CASSCF level the optimised bond lengths for the eclipsed toluene

are RC1−C7= 1.512 Å, RC1−C2= 1.397 Å, RC2−H8= 1.076 Å, and RC7−H14= 1.085

Å. These values are in good agreement with the experiment, which yielded RC1−C7=

1.523 Å, RC1−C2= 1.398 Å, RC2−H8= 1.106 Å, and RC7−H14= 1.097 Å. At the CASPT2

level, in which the dynamical correlation is considered, the results are RC1−C7= 1.508

Å, RC1−C2= 1.402 Å, RC2−H8= 1.088 Å, and RC7−H14= 1.095 Å. These values are

in excellent agreement with the experimental values.260 At the CASPT2 level, the

calculated bond length becomes closer to the experimental values. Our calculated

MP2 optimised geometry is also in agreement with the CASSCF(6, 6) geometries.
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6.3.1.1 TD-DFT

For both conformations, the energies and transition dipole moments were calculated

for five excited states and are presented in Table 6.2 and Table 6.3

Excited State Transition Energy (eV)
Transition dipole moment (D) Oscillator

Strengthµx µy µz

S1 5.43 0.07 0.12 0.00 0.003

S2 6.38 0.35 0.07 0.00 0.021

S3 7.75 2.10 0.94 0.00 1.005

S4 7.81 -1.19 1.79 0.00 0.888

S5 8.12 0.00 0.00 -0.05 0.001

Table 6.2: TD-DFT B3LYP/6-31G* calculated vertical transition energies and transition
dipole moments for the eclipsed conformation; x, y, and z were defined in Figure 6.1.

Excited State Transition Energy (eV)
Transition dipole moment (D) Oscillator

Strengthµx µy µz

S1 5.35 0.00 -0.11 0.00 0.002

S2 6.33 -0.37 0.00 0.04 0.022

S3 7.66 -2.39 0.00 0.00 1.076

S4 7.68 0.00 1.96 0.00 0.723

S5 7.98 0.00 -0.14 0.00 0.004

Table 6.3: TD-DFT B3LYP/6-31G* calculated vertical transition energies and transition
dipole moments for the staggered conformation; x, y, and z were defined in Figure 6.1.
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6.3.2 Harmonic vibrational frequencies

The permanent dipole moments (D) at the electronic ground state were computed

for the most stable conformer of toluene and the results are presented in Table 6.4.

The vibrational frequencies of the staggered conformation were calculated at the

CASSCF(6, 6) and CASPT2(6, 6) levels of theory. We have used the Mulliken nomen-

clature. 39 real vibrational modes are shown in Table 6.5 for the S0 state. In this

labelling scheme, the vibrations were listed depending on the suggested symmetry.

The vibrational modes are listed in decreasing order in four irreducible representa-

tions; a1, a2, b1, and b2.

Level of theory Energy (Hartree)
Permanent dipole moment (D)

µx µy µz

CASSCF(6, 6) -269.81230 0.03 0.20 -0.02

CASPT2(6, 6) -270.61952 0.05 0.27 -0.03

CASPT2(6, 7) -270.62034 0.05 0.29 -0.03

Table 6.4: Permanent dipole moments of S0 of the staggered conformation of toluene

Even though there is a little quantitative effect on the calculated energies when

using different active spaces, it is a quite important to take into account using such

method to overcome some convergence problems in our calculations. Calculated vi-

brational frequencies (this work) and experimental values253 are shown in Table 6.5.
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Symmetry Mulliken mode Assignment
CASSCF(6, 6)/6-31G*

ascaled Exp.253

a1 1 C-H Stretch 3075 3087
2 C-H Stretch 3063 3063
3 C-H Stretch 3054 3055
4 C-H3 symmetric Stretch 2911 2921
5 C-C Stretch 1601 1605
6 C-C Stretch 1502 1494
7 C-H Bend 1428 1379
8 C-CH3 Stretch 1195 1210
9 C-H Bend 1168 1175
10 C-H Bend 1009 1030
11 C-C Bend 977 1003
12 C-C Bend 763 785
13 C-C Bend 504 521

a2 14 C-C Bend 901 964
15 C-H Bend 794 843
16 C-C Bend 394 407

b1 17 C-H3 anti-symmetric Stretch 2978 2979
18 C-C Stretch 1490 1450
19 C-H Bend 1045 1040
20 C-C Bend 975 978
21 C-H Bend 845 895
22 C-H Bend 694 728
23 C-C Bend 656 695
24 C-C Bend 443 464
25 C-CH3 Wag 198 216

b2 26 C-H Stretch 3042 3039
27 C-H Stretch 3040 3029
28 C-H3 anti-symmetric Stretch 2961 2952
29 C-C Stretch 1574 1586
30 C-H3 Bend 1494 1463
31 C-C Stretch 1447 1445
32 C-H Bend 1339 1312
33 C-H Bend 1211 1280
34 C-H Bend 1110 1155
35 C-H Bend 1060 1080
36 C-C Bend 929 967
37 C-CH3 Bend 610 623
38 C-CH3 Wag 330 342

39 C-CH3 Rotation 14 -

Table 6.5: Calculated and experimental vibrational frequencies (cm−1) of the S0 state of
the staggered toluene at the CASSCF(6, 6) level with the 6-31G*. a Scaling factor = 0.91
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The calculated vibrational frequencies are in good agreement with experiment.253,254

So, we have also employed an active space of six electrons and seven orbitals i. e. (29;

22). Also, symmetry was imposed in each calculation. The 29á orbitals were treated

as closed and 22á orbitals were occupied. The additional active orbital was important

in computing the vibrational frequencies for the first excited state of toluene, which

could not be achieved using the (6, 6) active space. Calculated and experimental253

frequencies of the S0 and S1 states at the CASSCF(6, 7)/6-31G* level are shown in

Table 6.6.
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Chapter 6 Excited States of Toluene

Our harmonic frequencies for the S1 states are in better agreement with exper-

imental data when compared with the calculated harmonic frequencies at the TD-

B3LYP/aug-cc-pVTZ level by Wright’s group256 and shown in Table 6.7. Our calcu-

lated harmonic frequencies for the S1 state at the CASSCF(6, 7)/6-31G* level for a1

mode are about 14 cm−1 smaller than the experimental data.

Symmetry
Mulliken

mode
CASSCF(6, 7)/6-31G* (This work) TD-B3LYP/aug-cc-pVTZ Ref.256

Exp.253

S1 S1

a1

8 1179 1221 1193
9 1018 1177 1021
10 905 974 935
11 949 990 966
12 722 768 736
13 462 466 457

a2

14 652 719 687
16 260 217 228

b1

23 600 450 423
24 411 322 320
25 192 150 157

b2

37 499 538 532
38 326 339 332

Table 6.7: Calculated and experimental vibrational frequencies (cm−1) of S1 state of the
staggered toluene at the CASSCF(6, 7)/6-31G* and TD-B3LYP/aug-cc-pVTZ levels.

6.4 Conclusions

The ground and excited states of toluene were investigated using the MP2, B3LYP,

TD-DFT, CASSCF and CASPT2 levels of theory. Toluene is assumed to have C2v

symmetry and the methyl moiety is treated as a point mass for the labelling. The

ground state geometry is in good agreement with the experimental data; all MP2,

B3LYP, and CASSCF bond lengths are the same (∆ < 0.01Å), and bond angles are

the same (∆ < 0.5°).

At the CASSCF level, different active spaces were used in our calculations even though

many of the variations in active space had very little quantitative effect on the cal-
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Chapter 6 Excited States of Toluene

culated result. The transition is calculated to be at 4.69 eV, which is in good agree-

ment with the corresponding experimental energy, 4.65 eV. The calculated transition

dipole moment was insignificant when changing the number of unoccupied orbitals.

For instance, the transition dipole moment equals 0.30 D when using four unoccu-

pied orbitals in the active space. The transition dipole moment becomes 0.28 D if

the number of unoccupied orbitals is increased to six orbitals. Dynamical electron

correlation was taken into account by employing the CASPT2 calculations. With the

6-31G* basis set especially, our CASPT2 calculations show similar results to CASSCF

when computing the valence excited states of toluene. Additional virtual orbitals in-

cluded in the active space are important to minimise any artifactual Rydberg-valence

mixing.

Including augmented and diffuse functions in our future calculations might allow

the basis set enough flexibility to describe Rydberg states and to better describe

the excited states. For the S0 and S1 states, calculating anharmonic vibrational

frequencies at the CASSCF level even with a small basis set may give frequencies closer

to experiment. Moreover, locating the toluene conical intersection is of particular

interest to obtain more details about the excited states of toluene.
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Chapter 7

Conclusions

Drug design is the creative method of discovering new compounds based on the knowl-

edge of biological targets such as αvβ integrins for treating lung fibrosis. IPF is a

deadly lung disease, with a fatality rate that surpasses that of many malignancies. Re-

cently, many studies have been shown new lead compounds for IPF treatment.276,277

However, the results have mostly been discouraging.276

In silico procedures can assist in early development of lead compunds. Reducing

development time and the cost is a critical priority in drug design and discovery.

QSAR is one of the numerous techniques available from chemoinformatics. This thesis

has reported several aspects of QSAR from model selection, to molecular descriptors

calculations and suitable statistics. Every decision made before building a QSAR

model is significant as it influences the possible consequence and hence usefulness of

it. However, there are thousands to choose from and picking the proper descriptor is

a real challenge. Some molecular descriptors are easy to be calculated, but others are

time-consuming.

The data sets: G1, G2, G3 and G4 were used to build our 2D/3D-QSARs against

the αvβ1 integrin. Comparison to 3D-QSAR shows that the TMACC performs better.

The 2D-QSAR results revealed the importance of the three properties: charge, logS,
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Chapter 7 Conclusions

and molar refractivity. The best 2D-QSAR model presents a good predictive accuracy

(q2 of 0.72) for the G4 data set. According to the 2D-QSARs, mono-substitution in

the ortho-position on the phenyl ring has more influence on activity against αvβ1. The

NCW software allows visualising the models using a colour scheme for each property

distinct features which affect the activity of the molecules. The 2D interpretation also

proposed many positions on the benzamides where alterations may improve activity.

Therefore, the study has granted us with predictive and diagnostic value for the

design of a promised set of benzamides analogues. This work affords indication for

the potential of the TMACC method for the development of QSAR models.

For the αvβ6 inhibitor, the existing work also derived 2D/3D-QSAR models to

investigate the effect of each substituent of 46 compounds on activity. The NCW

software was employed for both 2D- and 3D-QSAR methods, and all 2D- and 3D-

QSAR models were validated using LOO-CV. The 2D-QSAR exhibited encouraging

predictivity (r2 = 0.66 , q2 = 0.50, MAECV = 0.46) and was noticeably better than the

3D-QSAR model. The best model reflects the importance of the logS property. The

visualised 2D-QSAR models show certain positions on the phenyl ring where changes

may enhance activity. The activity is also improved upon moving CF3 substituents

from a para- and meta-position to an ortho-position in molecules 15, 46 and 14. The

2D-QSARs suggest the mono-substitution in the ortho-position, (molecules 14, 19) is

influential for activity. However, this is not universally true. For example, molecules

10 and 26 display a negative contribution to the activity. The mono-substituents in

the para-position such as molecules 15 and 43 regularly produced negative contribu-

tion to the activity. In contrast, the 3D-QSAR showed weak predictive results (q2 =

0.12). The calculated statistical parameters (low r2 and q2 values) represented the

low predictive ability of the constructed 3D-QSAR models.

In this study, we also have used the parametric and non-parametric regressors in

the analysis of structure-activity data for both αvβ1 and αvβ6 inhibitors. For instance,
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Chapter 7 Conclusions

the SVM (RBFKernel, PUK), MLP, IBk, M5P, RF, and REPTree methods against

the αvβ1 integrin seem not be the most successful strategy for the data set under

consideration. The higher accuracy of PLS over the non-parametric techniques is

clear. The data do not afford any very obvious or straightforward relationships. The

best non-parametric model (RF model) produces cross-validated q2 values of 0.64.

For αvβ6 inhibiton, the best non-parametric model (IBk model) achieves a cross-

validated q2 value of 0.63, corresponding to predictive utility. This model suggests

the importance of logS to the activity.

A further quantum chemical investigation was performed for the (G4) and (G5)

data sets. These minima are characterised by twisted geometries. The effect of ortho-

substituents on the PES is clear and is present in molecules such as 10, 18 and

19. The barrier increases to 0.5 and 5.8 kcal/mol for 18 and 10, respectively due to

adding weaker H-bonding acceptors such as (Cl− and F−)243–245 to the ortho-position.

Planar geometries at the minima of both F− and OCH3 ortho-substituents indicate the

possibility of H-bonded structures. Nevertheless, higher flexibility was shown in the

Cl− ortho-analogue, as only 22% of the conformation is intramolecularly H-bonded.

The PESs for 10 and 19 are in good agreement with the NMR and DFT results

which were stated by Galan et al.246 and Abraham et al.238 We have demonstrated

the ability of quantum chemistry in the generation of descriptors for QSAR studies

with benzamide derivatives. The six molecular descriptors — ψ, δ, f , EHOMO, ELUMO,

and EGap — showed some correlation with the observed pIC50. We also have generated

QSAR models through SOM, SVM, IBk, MLP, RF and REPTrees. We can conclude

that the molecular descriptors have some usefulness in QSAR studies in the presented

study.

The mono-substituted benzene, toluene, has been studied and served as a model

system for biological chromophores. The ground and excited states of toluene were

studied using the MP2, B3LYP, TD-DFT, CASSCF and CASPT2 levels of theory.
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The ground state geometry is in good agreement with the experimental data; all

MP2, B3LYP, and CASSCF bond lengths are the same (∆ < 0.01Å), and bond

angles are the same (∆ < 0.5°). Various active spaces at the CASSCF level of theory

were employed in our calculations but many of the variations in active space had

little quantitative effect. The transition is determined to be at 4.69 eV, which is in

excellent agreement with the corresponding experimental energy; 4.65 eV. Including

dynamic electron correlation to our calculations, using the CASPT2/6-31G*, does

not improve the calculated frequencies of toluene. Determining of universal scale

factors for harmonic vibrational frequencies for the CASPT2 method might improve

the results.

Since original thought of QSAR by Hansch, the studies in this field have grown

extensively. Numerous successful QSAR applications were provided. This work aims

to proceed with this development further. This study also showed the advantages of

using the NCW and TMACC platforms without the need to rewrite the base code.

We also demonstrated the interpretation feature of the NCW. This feature provides

users with a better understanding of the more influential physical properties for their

built QSAR models.

Further developments of TMACC and NCW are needed. The TMACC descriptor

construction should be extended to involve other new atomic properties, which are

considered as important for a given data set. The output of TMACC would be more

beneficial if we could automate feature detection for a large data sets.
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affinities of various halogenated benzamide derivatives as potential radioligands

for non-invasive quantification of D 2-like dopamine receptors, Bioorganic Med.

Chem., 2007, 15, 6819–6829.

[206] C. Vancheri, M. Failla, N. Crimi and G. Raghu, Idiopathic pulmonary fibrosis:

a disease with similarities and links to cancer biology, Eur. Respir. J., 2010,

35, 496–504.

[207] M. Karelson, V. S. Lobanov and A. R. Katritzky, Quantum-chemical descriptors

in QSAR/QSPR studies, Chem. Rev., 1996, 96, 1027–1044.

[208] Z. Zhou and R. G. Parr, Activation hardness: new index for describing the

orientation of electrophilic aromatic substitution, J. Am. Chem. Soc., 1990,

112, 5720–5724.

[209] J. Gasteiger and T. Engel, Chemoinformatics: a textbook, John Wiley & Sons,

2006.

[210] P. Hohenberg and W. Kohn, Inhomogeneous electron gas, Phys. Rev., 1964,

136, B864.

[211] D. R. Hartree, Mathematical Proceedings of the Cambridge Philosophical So-

ciety, 1928, pp. 89–110.

167



[212] J. C. Slater, A simplification of the Hartree-Fock method, Phys. Rev., 1951, 81,

385.

[213] C. Møller and M. S. Plesset, Note on an approximation treatment for many-

electron systems, Phys. Rev., 1934, 46, 618.

[214] I. Shavitt, in Methods of electronic structure theory, Springer, 1977, pp. 189–

275.

[215] G. D. Purvis III and R. J. Bartlett, A full coupled-cluster singles and doubles

model: The inclusion of disconnected triples, J. Chem. Phys., 1982, 76, 1910–

1918.

[216] W. Kohn and L. J. Sham, Self-consistent equations including exchange and

correlation effects, J. Phys. Rev., 1965, 140, A1133.

[217] L. Zhang, G.-F. Hao, Y. Tan, Z. Xi, M.-Z. Huang and G.-F. Yang, Bioactive

conformation analysis of cyclic imides as protoporphyrinogen oxidase inhibitor

by combining DFT calculations, QSAR and molecular dynamic simulations,

Bioorg.Med. Chem., 2009, 17, 4935–4942.

[218] B. F. Rasulev, N. D. Abdullaev, V. N. Syrov and J. Leszczynski, A Quantitative

Structure-Activity Relationship (QSAR) Study of the Antioxidant Activity of

Flavonoids, Mol. Inform., 2005, 24, 1056–1065.

[219] J. P. Perdew, K. Burke and M. Ernzerhof, Generalized gradient approximation

made simple, Phys. Rev. Lett., 1996, 77, 3865.

[220] A. J. Cohen, P. Mori-Sánchez and W. Yang, Challenges for density functional

theory, Chem. Rev., 2011, 112, 289–320.

[221] A. D. Becke, A new mixing of Hartree–Fock and local density-functional theo-

ries, J. Chem. Phys., 1993, 98, 1372–1377.

168



[222] A. D. Becke, Density-functional thermochemistry. III. The role of exact ex-

change, J. Chem. Phys., 1993, 98, 5648–5652.

[223] B. Miehlich, A. Savin, H. Stoll and H. Preuss, Results obtained with the cor-

relation energy density functionals of Becke and Lee, Yang and Parr, Chem.

Phys. Lett., 1989, 157, 200–206.

[224] P. C. Hariharan and J. A. Pople, The influence of polarization functions on

molecular orbital hydrogenation energies, Theoret. Chim. Acta, 1973, 28, 213–

222.

[225] M. M. Francl, W. J. Pietro, W. J. Hehre, J. S. Binkley, M. S. Gordon, D. J.

DeFrees and J. A. Pople, Self-consistent molecular orbital methods. XXIII. A

polarization-type basis set for second-row elements, J. Chem. Phys., 1982, 77,

3654–3665.

[226] R. Krishnan, J. S. Binkley, R. Seeger and J. A. Pople, Self-consistent molecular

orbital methods. XX. A basis set for correlated wave functions, J. Chem. Phys.,

1980, 72, 650–654.

[227] T. Clark, J. Chandrasekhar, G. W. Spitznagel and P. V. R. Schleyer, Efficient

diffuse function-augmented basis sets for anion calculations. III. The 3-21+ G

basis set for first-row elements, Li–F, J. Comp. Chem., 1983, 4, 294–301.

[228] F. Pohl, Empirical protein energy maps, Nat. New Biol., 1971, 234, 277.

[229] O. Gascuel and J. Golmard, A simple method for predicting the secondary

structure of globular proteins: implications and accuracy, Bioinform., 1988, 4,

357–365.

[230] L. E. Chirlian and M. M. Francl, Atomic charges derived from electrostatic

potentials: A detailed study, J. Comput. Chem., 1987, 8, 894–905.

169



[231] C. M. Breneman and K. B. Wiberg, Determining atom-centered monopoles

from molecular electrostatic potentials. The need for high sampling density in

formamide conformational analysis, J. Comput. Chem., 1990, 11, 361–373.

[232] J. Rigby and E. I. Izgorodina, Assessment of atomic partial charge schemes

for polarisation and charge transfer effects in ionic liquids, Phys. Chem. Chem.

Phys., 2013, 15, 1632–1646.

[233] F. Martin and H. Zipse, Charge distribution in the water molecule—a compar-

ison of methods, J. Comput. Chem., 2005, 26, 97–105.

[234] I. Fleming, Frontier orbitals and organic chemical reactions, Wiley, 1976.

[235] J. I. Aihara, Reduced HOMO- LUMO gap as an index of kinetic stability for

polycyclic aromatic hydrocarbons, J. Phys. Chem. A, 1999, 103, 7487–7495.

[236] Y. Shao, Z. Gan, E. Epifanovsky, A. T. B. Gilbert, M. Wormit, J. Kussmann,

A. W. Lange, A. Behn, J. Deng, X. Feng, D. Ghosh, M. Goldey, P. R. Horn,

L. D. Jacobson, I. Kaliman, R. Z. Khaliullin, T. Kús, A. Landau, J. Liu, E. I.
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Appendix A

A.1 Data Set

Table A.1: Datasets G1 and G2 comprised compounds 1 to 27 and datasets G3 and G4
comprised (1 - 40) compounds with their experimental pIC50 values. Dataset G5 comprised
all compounds (1 - 46).

Number Structure αvβ1 αvβ6

1 8.3 7.0

2 8.8 6.4

Continued on next page

177



Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

3 8.6 7.3

4 8.5 7.8

5 8.5 7.6

6 7.8 7.2

7 8.2 7.8

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

8 8.6 8.0

9 7.7 7.8

10 8.2 6.6

11 7.9 7.7

12 6.7 6.4

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

13 8.1 7.4

14 8.1 6.5

15 7.5 5.3

16 7.3 7.0

17 7.6 6.9

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

18 7.2 6.2

19 7.7 5.8

20 6.6 5.4

21 8.0 7.3

22 7.5 6.6

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

23 7.8 7.1

24 8.2 6.2

25 7.1 < 5.0

26 7.0 6.2

27 8.3 6.8

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

28 8.8 7.4

29 7.5 6.4

30 8.4 7.2

31 7.0 6.5

32 7.4 6.3

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

33 7.5 5.8

34 6.8 5.1

35 6.2 6.0

36 6.8 6.4

37 6.9 6.6

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

38 7.2 8.1

39 6.8 6.8

40 6.1 5.2

41 - 5.9

42 - 6.3

Continued on next page
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Table A.1 – continued from previous page

Number Structure αvβ1 αvβ6

43 - 6.1

44 - 5.5

45 - 6.0

46 - 5.9
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Figure A.1: The PES scan for benzamide molecules (1 - 6)

(a) Molecule 1 (b) Molecule 2

(c) Molecule 3 (d) Molecule 4

(e) Molecule 5 (f) Molecule 6
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Figure A.2: The PES scan for benzamide molecules (7 - 12)

(a) Molecule 7 (b) Molecule 8

(c) Molecule 9 (d) Molecule 10

(e) Molecule 11 (f) Molecule 12
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Figure A.3: The PES scan for benzamide molecules (13 - 18)

(a) Molecule 13 (b) Molecule 14

(c) Molecule 15 (d) Molecule 16

(e) Molecule 17 (f) Molecule 18

189



Figure A.4: The PES scan for benzamide molecules (19 - 24)

(a) Molecule 19 (b) Molecule 20

(c) Molecule 21 (d) Molecule 22

(e) Molecule 23 (f) Molecule 24
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Figure A.5: The PES scan for benzamide molecules (25 - 30)

(a) Molecule 25 (b) Molecule 26

(c) Molecule 27 (d) Molecule 28

(e) Molecule 29 (f) Molecule 30
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Figure A.6: The PES scan for benzamide molecules (31 - 36)

(a) Molecule 31 (b) Molecule 32

(c) Molecule 33 (d) Molecule 34

(e) Molecule 35 (f) Molecule 36
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Figure A.7: The PES scan for benzamide molecules (37 - 42)

(a) Molecule 37 (b) Molecule 38

(c) Molecule 39 (d) Molecule 40

(e) Molecule 41 (f) Molecule 42

193



Figure A.8: The PES scan for benzamide molecules (43 - 46)

(a) Molecule 43 (b) Molecule 44

(c) Molecule 45 (d) Molecule 46
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