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Abstract

Providing working treatments safelyyickly and cost effectively areajor factosin pharmaceutical
companies. One stage within the drug discovery process is the lead optimisation (LO) stage. A LO
projed is an iterative process that alters a known active core to impesgentiaproperties. These
properties should be balanced to create an optimum drug candidate that can be progressed through
the drug discovery process. These iterative refinements gpecéyly represented using Markush
structures and structuractivity relationship (SAR) tables. When used in unison, they can highlight
core scaffolds and the varying surrounding substituents, which could be of particular infBrest.

use of these represdations can highlight the impact small changes igr®ups can have on the
property of interest. Unfortunatelyhowever,they cannot provide the same for the cor&his is
becausef there is a small modification to a core structure an entirely new Marlaigkcture and

SAR table are generated. Therefore, it becomes difficult to compare the SAR of closely related

molecules with similabut non identicakcores.

A main aim of this thesis has been to developeav visualisatiortool using reduced graphs (RGs)
that allows closely related molecules to be represented. The emphasis in the toal fignctional

groups that can form intermolecular interactions instead of chensaabtructures.

Alongside the visualisation two scores have been developed. The firgt slse exploration score,
explains how much new chemical space and informatonld beadded to the dataset when a new
molecule is synthesised. The second scdte exploitation scoreattempts to explain how
important the core structure of a new molefe is to the biological aciity. This takes into account
the existing activity informationThe new visualisatioand scoregan be used to aid decision making
processesin LO projectswhen considering which molecules to synthesise ndxt providing

rationalebasedon different substructues within the core structures.

The final stage of this project is to generate new molecular structures based upon RG node
alterations. A node substructurfer a specified moleculean be substituted for another as loag it
remains the same node type. This allows scaffold hopping to easily asthe same RG structure

is retained These new molecules can have their exploration and exploitation score calculated to aid

the decision on which molecule to synthesis the next iteration of the LO project.
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Preface
A massive issue within the pharmaceutical industry is that the drug discovery process isdong a

expensive. It has been determiti¢hat on average it takes twelve years and in excess of one billion
pounds to get a new drug to markéthomas, 2016)The drug discovery process is also extremely
complex as the drug properties have to be balanced whilst ensuring there are no off target
interactions that could cause harmful siddfexts. To improve the drug discovery process
computational methods have been introduced and this area has more recently been referred to as
chemoinformatics. Chemoinformatics is built on the similarity property principle, meaning that
molecules that havea similar chemical structure should have similar chemical prope(tis

Maggiora, Vogt, Stumpfe, & Bajorath, 2014)

The initial use of computational methodisr handling chemical structuresas in the 1950s, whe
techniquesfor searchingdatabasesof chemical structuresvere developed(Ray & Kirsch, 1957)
Thena few years later the first quantitativestructure-activity relationship(QSARs) method was
established(Hansch & Fujita, 1963With the advancemenbf computational technologiesore
sophisticated techniquesave been developed These included new data mining techniques,
visualisations and machine learning methods, prowgdgreater insigtg into chemical dataand
structure-activity relationshigf SAR) informatioand suggestions of new molecules to create. For all
of these methodsmolecular descriptorare needed as inputs. The Sheffield Chemoinformatics
Research Group ksaeveloped a novel molecular descriptalled the reduced graph whichbased
upon functional groupghat have potential to form interactions with biological receptoighis

descriptoristhe main focus of thesis.

This thesis aim# overcome the issueassociated with Markush structures and SAR tables and
generate a new representatiothat summarses data generated within a lead optimisation (LO)
dataset Methods are then developed that use the information that can be extracted from the
visualisation.The substructural fragments from the new representation are taken into account, so
that when examining potential new molecules to synthesise, a score for the new chemical space
being added to is given along with the potential significance of these fragmdhtd the work done
within this thesis attempts to aid the decision process for medicinal chemii$st generating new

ideas for molecules to synthesise in the next iteration of the LO series

Chapter 1 provides an introduction to chemoinformaticsriyoducing basic concepts that form the
basis of thighesis It will discuss molecular representations, molecular descriptors and how they can

be used in different chemoinformatics techniques. A brief introduction to how machine learning can
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be appliedto chemical datas then givenDifferent types of visualisations that have also been used

to displaychemicalinformationarediscussed. The finabncept introduced is moleculgeneration.

In Chapter 2a method is developed tdentify RG cors to repesent molecules in lead optimisation
series that can be use illustrate the relationship between several molecules that share similar
scaffolds. RGs are found for all the molecules and several clustering techamguiesestigatedo
identify the bestmethodto precluster a dataset prior to the application thle RG core extraction
technique. Chapter 3 then evaluates the RG cores that have been generated from both the clustered
dataset and the dataset as a whole. This comparison provides an undergjaridimich method

creates thebestRG cores$o describe the relationship between molecules.

Chapter 4 establishes how the RG cores can be mapped back onto the RGs of the molecules within
GKS [h RFEGF&aSG a GKSNB | NB &ab ieageNduliploacyr@ncésy OS a
of the RG core. The optimal overlap with the other molecules within the dataset is found. Chapter
then describeshow these RG mappings are usedhia new visualisationthat has beerdeveloped

to incorporate the SAR datarass similar scaffolds, through the use of the RG cores.

Chapter 6and Chapter7 introduce the work undertaken to generatéhe exploration and
exploitation score. Chapter6 investigates how to best produce a score that indicates the level of
exploration a new molecule would achieve. The score looks at how much chemical space has
currently been explored and how much new information a newlenule would provide. Chapter 7

then investigates creating an exploitation score for a potential new molecule. Thcaties how
significant each substructure within the RG core structure is to the biological activity. Therefore, a
high score would potentially indicate an active area of chemical space that could be of interest to
investigate, whereas a low score wouldtgatially indicate an inactive area of chemical space. For
both scores a hold out set from LO datasets are scored to understand their performances of how

useful the scores are.

Chapter 8describes the development of a new approach to molecular generatimugh the use

of RGs. Three different approaches have been constructed, a single node alteration, multiple node
alterations and a full enumeration. The molecules generated from each method undergo a validation
step to indicate how useful this techniqueto generate new molecules and whether it can identify

molecules within the LO dataset by introducing a hold out set.

Finally, Chapte® summarses all of the work and brings together all conclusjomstlines some

limitations and providesuggestions fofuture work.
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1 Introduction toChemoinformatics
Chemoinformaticss a relatively nevdiscipline, althougimany ofthe methods that it encompasses

have been well researel for many yearsvith chemoinformatics seen by some as a new name for
an old problem(Hann & Green, 1999)t has been an instrumental part of several industries,

particularly providing significant advancements to the drug discovery process. With the
advancements in computing and technology, chemoinformatics is a fast gagédvith lots of

literature being produced.

Thischapter reviews chemoinformatics techniques that provide background to the research carried
out in the thesis. The first prindg to be reviewed is molecular representations. The molecular
representation problem is notorious within chemoinformatics. Subsequently, it invéiivéisg the

best molecular descriptor that provides the most information and is most suited to the job.
Theefore, several molecular descriptors are reviewed, followed by some important
chemoinformatics applications, similaritgearching, and reduced graph (RG) applications. The
remainder of the chapter will review literature from a variety of procedures thiisa the molecular

descriptors: machine learning, visualisations and molecular generation.

1.1 Molecular Representations

Different methods ofmolecularrepresentation have been adopted allow chemists and computing
systems to understand the moleculesathare being investigated he molecular representations fall

under two categoris, human readable ancbomputer readable. Both will be discussed.

1.1.1 Human Readable
In order to be able to communicatdoutmoleculeschemists need some way of representingrtne

Hence different representations have been established. Human readable representations have been
around a considerably longer time than computer readable ones. The most common way chemists
ensure there is universal understanding is through naming systeinesnical formulas and chemical

diagrams

There are two welkestablished naming systemsiternational Union of Pure and Applied Chemistry
(IUPAC) and Chemical Abstracts Service (@A8yvdary, Sri, Prasanna, Sudhakar, & Sarathi, 2014;
Mills, Cvitas, Homann, Kallay, & Kuchitsu, 193ning and Indexing of Chemical Substances for

Chemical Abstracts TM 2007 EalitiA publication of Chemical Abstracts Senv298) Both have
1



different rubrics and conventions, however, they both systematically identify the chemical

nomenclature. This means that they are based on the functional groups and their positioning within
a molecué. Figurel-1 shows the IUPAC and CAS name for Aspirin. Additionally, when a drug is
identified and brought onto the market it is given a commercial name in order to make it easier for

the consumer marketior example Aspirin.

Drug Name: Aspirin

IUPAC: 2-Acetoxybenzoic acid
CAS: Acetylsalicylic acid (ASA) ©
Chemical Formula: CgHO, T
Extended Chemical Formula: CH;COOCH,COOH

Figurel-1: Human readable representations for Aspirin

Another way in which chemists communicate molesuseby using chemical formwaA chemical
formula identifesthe atom types irthe molecule along with the coun# chemical formula is very
generic as it can represent several different molecules that corkersame types and numbspf
atoms. To overcome this, an extended chemical formula is used. This provides informatiom on th

connectivity of the atoms which reduces the number of molecular possibilities dio one.

The final approach is a tw#imensional (2D) structural drawing. This allows a more visual
representation and allows more clarity than the two chemical formuGsemists follow several
different chemical conventions so that there is a basic chemical understanding. For example, the
bonds are arrangedo best represent their actual structure and hybridisation states on a page
(Brecher, 2008) Therefore, this is a suspected 2D representation of what the molecule looks like

from using the rulesf chemistry.

2D structural drawings can be used to represent multiple molecules simultane&asligxample,
chemists workingn the lead optimisation stagef drug discovery oftemise a generic structure in
order to display multiple molecules that are related to one another in one simple representation.
One way this is achieved is through Markush structures. Markush structurestiva main uses.

The firstisin patent applications so that a multitude of similarglated compounds can be classed/
protected within the patent. The second is used to develop and explain chemical libraries. The part
of the molecule that is common tdném all, remains constant and is, therefore, only displayed as a
2D structural drawing once. The groups that vary are also recorded, however these are not part of

the main structurg(Warr, 2011)
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Figurel-2: Simple example of a Markush structure

Figurel-2 demonstrates a simple Markush structuren e left hand side, the core of the structure
can be seen and the different R groups can be seen on the right hand sislex@hple represents
sixdifferent moleculesvhich can be constructed by combining the different R groups to the core.

For some cmplex Markush structurgthe R groups may also contain R groups.

1.1.2 Computer Readable
For computer processinghemical compounds have te represented in machine readable form.

The representation problem is a fundamental part of chemoinformatics, tnorfqmt the best way

to represent chemical compounds farparticular task

There are many types of molecular representations that are commonly used to describe the atoms
and bonds within a structure while also making an easily storagpgesentation Molecular
representation types can be grouped by dimensions. -@ingensional representations are linear
notations that are builfrom alphanumeric charactert® characterise a molecule. Twsbmensional
representations can be seen like a graph as they indiegtech atoms are present and the
connections of theatom within the molecule. Twalimensional representations may also contain x
and y coordinates to allow them twe drawnon a page. Thredimensional representationsontain
the same information as twdimensional representationshowever they provide additional
information regarding the geometry of the molecule. Thidinensionalrepresentationsare more
accurate than the previous twonevertheless this added accuracy makes them much more
computationaly expensiveéo compute Here, the foumainrepresentationof 2D structures wilbe

discussedSMILE&nd SMART 3nChl keysshemical graphand connection tables.



a) SMILES b) InChl: 1S/COH804/c1-6(10)13-8-5-
3-2-4-7(8)9(11)12/h2-5H,1H3,(H,11,12)

d) Connection Table
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Figurel-3: Aspirin computer readable regsentations. a) SMILES b) InChl Key ¢) Connection Table d) Molecular graph

Simplified Molecular Input Line Entry Specification (SMILES) is the simplest and most popular way
that a molecular structure can be represented and can be described as a linedionadfa 2D
structural drawingd ! ® w® [ SIF OK g DAttt S0OZ wnnitTonthi®. 2 &f S
information about which atomsire bondedand the bond types as well as the element tgpmnd
whether an atomis aromatic or aliphatic. SMILES can also include charges and chiralfioysf

SMILES have become popular due to their ease of use and low computational and memory costs. A
drawback of SMILES is that a moleculelmamnepresentedn many differenways (sed-igurel-3a).

One way to overcome this is to apply a canonicalization algorithm to the SMILES representation so
that it always gives the same unique SMILEShemolecule(A. R. Leach & Gillet, 200BMILES
arbitrary target specification (SMARTS) is an extension of the SMILES notation that is used to
represent specific subsictures. SMARTS are typically used in searching for substructures within
molecules. The main fundamentals remain the same between SMILES and SMARTS, however,

SMARTS allasthe inclusion of more symbols. Two examples are that a wildcard atpogn be



spedfied which means that this atom can be aejgment type, and an exclamation matkcan be

used to specific nad particularelement or atomtype (James, Weininger, & Delany, 2020)

The International Chemical Identifier (InLisl an alternative linear representation method that can
contain more information however this information is still restricted to twdimensional
characteristics. There is only one standard InChl for each molecule. Just like the SMILES
representation, hChl allows the identification of different stereoisomers, easily allowing different
structural information such as E/Z, alkene bond or R/S chiral cettrles distinguidied. The InChl
canonicalization algorithm generates a unique standard InChl for acmel which can then be
hashed tocreatethe InChl keyp | St f SNE aObl dzZaKix tftSaySgs {4S.
2012)

There are also two dimensional representations. The 2D structural drawings can be adapted to be
represented on a computer, this is becomes knowa asemical graph. The moldeus represented

as a graph composed of nodes and edges, as can berséggurel-3c. The nodes e the circles

and characteris¢he atoms of the molecule, which can have properties linked to them. The edges
are the lines which sigjfies the bondsAn extra level of sophistication cdre addedby colouring

the nodes andbonds to differentiate between the different typesChemical graphs can be
represented asonnection tablesn order forthe computer to interpretthem (A. R. Leach & Gillet,
2007)

A connectiontable is a simple table representation that attempts to replicate the connections that
are madewithin a molecule. The atoms are enumerataald the bond order between each of the
atomsis recordedwithin the table (for example, 1=single, 2=double, 3=tijpkeeFigurel-3d. In

most connection tabledfiydrogen atoms are ignored. The level of complexity of the table was further
developed in 1992 by Dalby et al. by adding more information into the connection table such as the

hybridisation states, angyzcoordinates of each atorfDalby et al., 1992; A. R. Leach & Gil607)

1.2 Molecular Descriptors
Many chemoinformatics applications requireohacular descriptorsto be defined whichare

experimentally measured or theoretically derived properties of a molecule. The molecular
descriptors attempt to encapsulate as mudhemical knowledge about the molecule as possible.
This knowledgecan include molecular properties such as the size, the shape, the symmetry, the

stereochemistry, the branching, sterics, the cycliaiydthe hydrophobicity. Molecular descriptors



can be deived from several different principles. These principles consist of graph theory, topology,
mathematics and multiple chemistry theories, such as chemical properties and potential bindings.
These descriptors can then be used in different computational oathfor more analysis and
understanding. This section wiliscusssome of the main molecular descriptors that are commonly

used in chemoinformatics.

1.2.1 Simple Counts and Physicochemical Properties
The simplest molecule descript@to usecounts of featwes that are of interestFor example, these

features can include counts atom types,ring systemsyotatable bondshydrogen bond donors

and hydrogen bond acceptors.

Physicochemical properties can be calculated and also be used as a molecular de3drgste can
either be computed values or experimental values. Physicochemprogkrtiesthat are typically
used are molecular weight, lipophilicity (logP), solubility, polar surface area and molecular flexibility.

These properties can be calculated eittom an atomic level or fragment level.

Both of these descriptors do not provide much information about the molecule itself due to their
simplicity so they are often used in combination with other descriptors or can be used more as a way

of filtering moleales(A. R. Leach & Gillet, 2007)

1.2.2 2D Fingerprints
Fingerprints were originally generated for substructwsearches andhen subsequently uskfor

similarity searchin§Willett, 1987) Fingerprintsare very popular descriptors due to their ease of use
and quick computational time. They are also preferred over graphical reprasems as they are
much more efficient, can quickly capture complex relationships even with large amounts of data and
contain similar information to a chemical graph. However, this is highly dependent on the fingerprint
method used as some can be very lbagihereas others can be more compl@tasan, Bonde,
Buchan, & Hall, 2012; Wollenhaupt & Baumann, 202B)molecular fingerprints do not need to be
canonicalised, therefordpr a fingerprint methodhe fingerprintfor a moleculewill always be the

same.

There are three fingerprint types commonly usediustural keys,hashedfingerprint,and extended
connectivity fingerprint¢R. D. Brown & Martin, 1996; ZahoranZky KI f YA X . 2f 231 Z 3

A molecular fingerprint is a binakey that indicates whether certain fragments appear within a
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chemical structure or notStructural keys are based on substructural fragments which can be-atom
centred or pathbased. fiesecan bedictionarybased where eachit in the fingerprintcorrespors

to a fragment in the dictionaryn hashed fingerprintsthe fragments are generated algorithmically
and are based on paths of atoms to a predefined length which form the inputs to a hashing algorithm
to generate a number of bits to set in the fingerqriA feature of hasheéingerprintsis that they

are not easy to interpret as the hashing algorithm makeisfficult to identify the fragment without

knowing the specific hashing algorithi@tepniewskaDziubinska, Ziefkiewicz, & Siedlecki, 2017)

Extended connectivity fingerprints (ECFP) were designed in an attempt to capture relationships
between molecular fragments and molecular activity. ECFPs are also referred to as circular
fingerprints and take into accound entral atom andthe surrounding atoms at increasing
neighbourhoods. Each atom is initially given its own atom identifier, then depending on the chosen
diameter, the neighbouring atom identifiers are combined into an array in an iterative manner. This
is paformed for each atom. The arrays are then hashed so that there is one single identifier for each
generated array, that is, for each atom. Therefore, the amount of information contained within the
ECFP is dependent on the diameter assigh#@. the hashedingerprints described aboveECFPs

can be generated on the fly and do not depend on predefined structural Réysefore, they can

cover a wide range of functional groups including unusual or novel groups. Due to their advantages,
they are frequently usd for activity modelling andimilarity searchingAnother advantage is that

they automatically capture stereochemistry and allow rings that have ortho, meta or para

substituentsto be distinguished

Bit folding can occur which reductee fingeiprint down to aparticular size. Hashing (and bit folding)
can lead to bit collisions which is where two different substures are characterised as the same

identifier (Rogers & Hahn, 2010)

1.2.3 Reduced Graphs
Areduced graphRQ is a compressed representation of a molecular structure thébcusedipon

functional groups that could form interactions with a biological receptor. Groups of connattets

are reducedo individualpharmacophoretype nodes,for example,an aromatic rings reducedo

one node, sed-igurel-4. The nodes in the reduced representation are connected according to the
original strut¢ure to form a reduced graph. There are several ways in which this compressibe can
represented One of the main ways t@presentthem is to use SMILERisis achievedy mapping

the different node types to atom types that are outside the usual setifsr organic molecules.
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RGs wereriginallycreated to describe the chemical space that is covered by a Markush structure
as defined in a patent applicatigiGillet et al., 1987; Gillet, Holliday, & Willett, 201%hey were
then applied to similarity searching with the aim of highlighting the types of interactions that
functional groups could make rather than specific functional groups. Tbesfon the types of
functional groups rather thaparticularatoms within molecules can lead to molecules with different
2D structures being identified as simii@irchall, Gillet, Harper, & Pickett, 2008; Gillet, Willett, &
Bradshaw, 2003; Harper, Bravi, Pickett, Hussain, & Green).2004

Ni

Cu Zn Re

Figurel-4: An example of a reduced graph representatBmchall & Gillet, 2010)

Different types of graph reduction can be applied and different amounts of information can be
associated with theodes.Figurel-4 is the most basic example of a RG, the hydrogen bond acceptor
and/ or donors have been found and adefined as feature nodes, F. For ring nodes, whether the
ring is aromatic, Ar, or aliphatic, R also found. Any atoms that have not been assigned and connect
nodes are then assigned as linkers, L. Other definitions include also enpaditige and negative

ionisable featuress node typegGillet et al., 2003; Harper, Bravi, et al., 2004)

There have also been similar approaches developed with the same prinofdiesging together
atoms with similar binding potentials. Rarey et al. established the featurgRagey & Dixon, 1998)
The feature tree is tree of nodes and edges that replicates the functional features and connections

of a chemical graph. The difference between a feature tree and a RG is that the feature tree does



not contain cycles, whereas the RG can. Feature trees have also been usedifarity searching

applications.

Stiefl et al. generated the extended RG (E(&)efl, Watson, Baumann, & Zaia2006) The
fundamental approach is similar to the RG with the key features of a molecule that could be
important in forming interactions with a receptor being emphasised. However, the ErG is more
complex as it tries to conserve the size and shapéebriginal molecule. This is achieved in several
steps. The first is that the positions of the nodes, by retaining the distances between the node with
features. Therefore, the linker node is redundant. The second is how ring nodes are defined. For
each rng a centroid is established and any atoms that are potential features are also defined as a
node. Then for any atom that has a substation site, including fused rings, are retained and connected
to the ring centroid node. If any ring atoms have not beeffirge or connected they are then
removed. Stiefl et al. generated ErG into its own FP that carudsdul in virtual screening

experiments(Stiefl & Zaliani, 2006)

Another approach that attempt® use similar principles anekploit the observegharmacophoric
features is DeCAF (Discrimination, Comparisdlignment tool for 2D Pharmacophores). DeCAF
generates a pharmacophore model representation, seen Figure 1-5, where five key
pharmacophoric features are highlighted, hydrophobic, aromatic, hydrogen bond deyadrogen

bond acceptor and ring atoms. Each atom is highlighted depending on these pharmacophoric
features and the ring systems are then combined to one node. Each feature has an assigned weight
which can be altered if the importance of a feature is cdesed to be more significant. When
expressing multiple molecules, it can indicate the frequency of each feature. The edges between the
nodes indicates the distances in bond in the chengcaph Unlike RG and ErG, DeCAF are &egt
utilisedin their graghical forms(StepniewskéDzilbinska et al., 2017)

atom without two bonds
pharmacopharic 7~ between

.,#ils N E{E-Q/. .\
create model 4’_ L ’/\’ ---COTPress o 5 —

o’ ring systems

__ multiple features
for one point

‘ hydrophobic aromatic @ h-bond acceptor @ h-bond donor @ ring atom‘

Figurel-5: DeCAF pharmacophore model of a single mold&i&pniewskaDziubinska et al., 2017)

Some of he ways in which these different molecular descriptare utilisedin chemoinformatics

applications arenow described



1.3 Chemoinformatics Applications
The molecular descriptors are implemented in a way in which they can be useful in various areas of

chemoinformatics. Several of these areas are described below.

1.3.1 Similarity
Molecular similarity playan impatant role in being able to establish common patterns that emerge

within achemicalseries due to the identification of a relationship between molecular structure and
activity. The rationale for similarity searching is that molecules that have similattes are also
similarin biological activityWillett, 2005) Similarity searching can be used with many different
molecular descriptors for example,fingerprints, chemical graphs and reduced grgphgh 2D
fingerprintsbeing most common but to themavngshown a large amount of success witiry little

computational cos{Arif, Holliday, & Willett, 2010ome & the mainmethodsare describedbelow.

1.3.1.1 Fingerprint Similarity
The similarity of two fingerprints can easily be calculated. As a fingerprint shows the present or

absence of particulaF N} 3YSy da | &he nufider of bitRthanadeitie same can be
calculated. An example @f fingerprint comparison is shown Kgurel-6, when the bits are the
same a value of one is given if the values are different a value of zero is given. These values are then

totalled up and input into the Tanimotsimilarity coefficient, which is explained later in this section.

o (0]
~ ~
NH NH
H,N HO
Molecule 1 Molecule 2
|| Bit1 | Bit2 |..| Bit26 |..| Bit746 |..| Bit889 |.. Bit1920 | .. |Bit2047 | Bit 2048 |
Molecule 1 0 0 1 0 1 1 0 0
Molecule 2 0 0 1 1 0 1 0 0
Total
Comparison 1 1 1 0 0 1 1 1 =2039

Figurel-6: An example of a fingerprint comparison
2D fingerprints have been demonstrated to be effective in similarity searching espeiaall
molecules that are close analogues. Conversely, the main drawback with 2D fingerprints is that they

do not allow compounds to be found that share the same biological activity but have different 2D

10



structures(Gillet et al., 2003)This also indicates that they are not good at scaffa@dping which is
one of the desired abties of molecular representations as it allows the exploration of @nesly

unexplored chemical spag¢&tepniewskéDziubinska et al., 2017)

Brown et al. found that the most effective 2D descriptor for clustering aimed at finding compounds
that share the same activity was the sttural key representation even though this encodes less
structural information, compared to the hashed 2D fingerprint. It was suggested that the hashed
fingerprints were not as effective as expected due to the hash key encoding a large amount of
information within a small number of bitdR. D. Brown & Martin, 1996Arif et al. investigated the

use of weighting systems in the similarity scoring between two-divoensional fingerprint
representations. The fitapproach established the frequency of each fragment within the set and
weighted them accordingly, the more it appears the greater the importance to the system activity.
Contrastingly, the second approach interprets that if a fragment is frequently @it this means

that the fragment is not important in the molecular activity. Both methods varied drastically
depending on the definition of the weighting, which is very dataset dependent, and therefore a wide
variety of results can bebtained which is notlesirable(Arif, Holliday, & Willett, 2009; Gillet et al.,
2015)

1.3.1.2 Maximum Common Substructure (MCS)
A maximum common substructure (MCS) is a set of common atomisbands between two

molecules. From graphtheoretical point of view, the MCS of two moleculés definedas the
maximum common edge subgraph (MCES) or maximum common induced subgraph (MCIS) of two
graphs. MCES is a subgraph that contains the largest eunfbedges that are common between

both molecules. Whereas MCIS is a subgraph that contains the largest number of vertitegusee

1-7. The identification of the MCS allows a degree of overlap to be estaBlliskeveen two

molecules which cahe usedas a measure of their similarifpuesbury, Holliday, & Willett, 2017)
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Figurel-7: MCSs of Graph 1 and Graph 2 a) 80 MCES

In the first definitions of the MCS, the algorithms were designed to find the maximum common
connected substructure between two molecules. For exampl&igurel-8 all of the atoms and
bonds highlightedin green would form the MCS. The rationale for this approach is that the
environment of an atom affects its propertiefor example, a nitrogen atom has very different

properties in pyridine as it does within piperidine.

o}

\ ST | N~

Figurel-8: An example acin MCSproduced from RASCMARaymond, Gardiner, & Willett, 200l coloured bonds are part of the
MCS

Finding theMiICSbetween two graphs isomputationally expensive for largiatasets(Willett, 2005;
Wollenhaupt & Baumann, 2014A clique is a set of nodes thare plottedon a graph thatare
connected andill nodes are connectei one another. A maximal clique is the largest clique within

a graph which cannot be a subset of another cli¢@stergard, 2002Barrow and Burstall were the
first to attempt toovercomethe computational costs of MCS detection by converting it to a maximal
clique problem(Barrow & Burstall, 1975%tepniewskeDziubinska et al. further adapted tiBarrow

and Burstall MCS algorithm and combined it with BYo6 Nb 2 8 OKQa | f 32 NAGKY
cligues.The maximal cliqués the cliquewith the highest similarity soe, signifyingthat it the best

alignment of all the models. They alswludedthe topological distance of the bond as a constraint
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(StepniewskeDziubinska etal., 201®) ¢ KA a YSUK2R2ft23& dzaSa | &aAYA
program RApid Similarity CALculation (RASCAL) dalgulated the similarity between two
molecules. RASCAL is a fast similarity finding algorithm designed to analysschdeggata sets. This
algorithm provides chemical similarity searching on graphs instead of fingerprFimtss doneby

finding themaximum common induced subgraph (MCIS) and the maximum common edge subgraph
(MCES).The RASCAL algoritwas comparedo the MC1 algorithm(Wood, 1997) Ostagard
maximum clique problenfOstergard, 2002and a maximal clique detection algorith(Bessonov,

1985) The RASCAL algorithm outperformed these mdghdue to it being morefficientand stable

as it had a quicker run time. It also allowed the classification of lower minimum similarity index (MSI)
thresholds which is crucial as this allows potential scaffadping as they have a bigger structural

difference(Raymond et al., 2002)

1.3.1.3 Tanimoto Coeffient
TheTanimoto coefficient is used to quantify the similarity between two molec(Mgslett, 2005;

Zahoranszikk! K I £ YA S .{ThelTandrbto epefficiend equation is as follows:
ds ¢8
d§ ¢s

Where the Tanimoto similarity is the number of features common to moleotland Bdivided by

the number of features in A or @ahoranszigt ! KI f YA S @Thelefora) for the example

within Figurel-6,2 yf @ (GKS O2YLI NRA &2y o0AGa aS0i (adthemé |

1.1)

number of features within A, molecule 1, are 2048 as this is how many bits are within the fingerprint.

So the Tanimoto simildyi coefficient for theEGP fingerprints is 0.996.

The MCS is the largest subgraph that is common to molecules and can be converted to a similarity
value through the use of a similarity coefficient in a similar way to quantifying similarity based on
molecdar fingerprints.The Tanimotaoefficientequation has been adapted for this purpo€a. M.

Maggiora & Shanmugasundaram, 2004)

006°"Y
"Y w7 8 7 o 12
0 6 0LO0Y (1.2
Where A is the number of atoms within molecule A, B is the number of atoms within molecule B and

MCS is the number of atoms within the MCS between moé=cAl and B.

Even thoughthe Tanimoto coefficientis still the most widely used similarity coefficient in

chemoinformatics, several people have investigated different similarity coefficients, such as Forbes
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and RusselRao coefficients. These were seergtee similar results if not superior to the Tanimoto

coefficient in certain circumstancéArif et al., 2009; Willett, 2005)

1.3.2 RG Applications
RGs have many useful applications in chemoinfeiteaThe RG has been shown to be useful in

similarity searching. There are three different approaches that can be ussddolate thesimilarity
between two moleculedased on their RGs. These are by generdimgerprintsfrom the RGsby
comparing tke graphdirectly or usingedit distance methodsAs the RG is represented as a SMILES
then a pathbased fingerprint can be generat€Birchall & Gillet, 2010; Gillet et al., 2008nother
type of fingerprint that has been investigated is negair descriptors, which have been shown to
have agreatersuccess in comparing the R@sirker, Gardiner, Gillet, Kitts, & Morris, 2003; Birchall
& Gillet, 2010)

TheRGs can aldoe compared directly usingraph matching techniques, suchthg MCS. RGs are
smaller graphs than chemicaraphs, therefore, this allows tire comparisonto be more
computationally efficient.There are several research groups who hdweked into similarity

searching based on RGs and achies@me level of succegbBlarper, Bravi, et al., 2004)

Gunea et al. also attempted to create a method for similarity searching thablvesRGs as a
combination of graphs and fingerprintdowever this methodology incorporated the use of colour
on the nodes to be able to interpret more datBhis research aimei identify bioisostees, which

is where the functional groups within a molec@ee swappedut the physicochemical properties
remain unchanged, i.e. they remain biologically active, this is called scaffold hd@pingra & Kolb,
2015)

Harper et al. investigated similarity using edit distas and RGs. Two different types of distances
were defined: a simple edit distance and weighted edit distance. A simple edit distance is where
nodes can only binserted deleted or mutatedin order to make two RGs matchn contrast a
weighted edit distace associates different weights to the insertion or deletion of different
functional groups.They shoved that RGs can be used in parallel with otlmethodsto identify

molecules that before wouldot have been foundising just one metho(Harper Bravi, et al., 2004)

Birchall et al. further developed this work by creating a genetic algorithm that assigned the weighting
of the edit distancesThiswas found to outperform and differ significantly to Harper et wafith a
higher recall rate acrossrange of different activity classes. These weightings were seen to be more
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effective as they hatheen trainedover several different activity groug8irchall, Gillet, Harper, &

Pickett, 2006)

The RG has also been used in various clustering algorithms. Harper et. al first used RGs to cluste
high-throughput screening dataThe molecules were clustered dependemt several descriptors,

either FP or R@®f the molecules, and their respective similarity techniques, for RGs this is either
substructure searching, FP, or edit distance. Molecules that had similar descriptors were then

brought together in a clustefHarper, Bravi, et al., 2004)

DF NRAYSNI St |t dQa NBaSFNOK FAYSR (42 FAYR | ¢
cluster. Gardiner et al. initially clustered a database, then for each cluster, they &ouRdxhat is

the MCES for as mgmmolecules within @luster. This method was successful in identifyimgRG

for aclusterthat is representation of the majority of the molecules antich can benapped back

to a chemical graph to provide information on subgraphs that are importantht® dctivity.
(Gardiner, Gillet, Willett, & Cosgrove, 2007)

RGs have been used to visualise SAR. One method is by Wollenhaupt et al. in their generation of
inSARarogram.An R@lgaithm is first appliedo the molecules, after which the MGSfound As

the RG dramatically reduces the size of the molecular representation, computing the MCS becomes
a less computationally expensive task. This techniquéeaappliedo largescale poblems such as
largescale SAR analysis. In this technique, a root NMCé&stablishedin order to generate a
hierarchical network structure. Aimportant] S& FAYRAY 3 FTNRY 22ff SyKI d
it is importantto not define the size of theoot MCS too smalln theirresults,an RGVICSgreater

than or equal to three could only found for 50% of the data. Therefore 50% of the data have an MCS
of less than three nodesndthis couldjust be from random MCS that happened to have two things

in canmon. Itwas suggestethat to become clustered the minimum number of MCS nodes should

be four to help rule out random similarity or molecular features that appear in most molecules which
does not provide any information about the SAR, &rample, linker nodes (Wollenhaupt &

Baumann, 2014)

1.4 Machine Learning
A huge part of chemoinformatics and data mining is using the datattae knowledge. This is also

particularly important in the lead optimisation (LO) stage of the drug discovery process. Several

technigueshave beerdevelopedto prioritise molecules to make based upon properties which can
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be learnt from the previous data he properties that are of particular importance are the biological

potency and the absorption, distribution, metabolism, excretion and toxicity (ADMET) properties.

Machine Learning has becomepapulartechnique in chemoinformatics due to its ability &allow
the computer to learn information. Machine learnirgtypically claggBedinto two types: supervised
and unsupervisedWitten, Frank, Hall, & Pal, 2016)herehave been several successful uses of

supervised and unsupervised learning in chemoinformasioseof whichare reviewedbelow.

1.4.1 Supervised Learning
Supervised learning gets its name &g algorithm learns under supervision. Supervised learning

requires labelled training data and the aim isléarnthe relationship between the input label and

the set of variables that are used to present the objects, that is, how one maps onto the dheer.
resulting modeis then able tgpredict the correspondingabel for a new molecule from its known
variables(Clarke et al., 2008; Witten et al., 201&)uantitative structure-activity relationships
(QSAR) israexample of how supervised machine learning can be applied to a chemoinformatics

problem and is described below, along lwgeveral widely used supervised learning algorithms.

1.4.1.1 Quantitative Structure-Activity Relationship
Quantitative structure-activity relationships (QSAR) isnaathematical techniqueused to derive a

relationship between structural features of molecules amtheasured property, particularlgheir
activities.QSAR models are either regression or classification models that are used to link features
(X) of moleculesto their potenges (Y) In a regression model Y is an activity value and in a
classification modeY is an activity category. Molecules that have previously been urisg¢he
modelcan then have predictions made using the QSAR mQiARvas first developed in 1962 by
Hansch and Fujitaho predicted the reactivity and molecular lipophilicitypifenaxyaceticacids by
modelling on benzoic acglbstituentsHansch, Maloney, Fujita, & Muir, 1962)SAR modelling can
be used throughout the drug discovery projects as it allows predictiobs tnadeon the activity of
amolecule orits ADMET properties to establish a more optimised molecule. Molefnigerprint-
based representations are the most commonly used descriptors in Q8alRnhaupt & Baumann,
2014)

QSAR models are developed using a training set of moleculesndttel can then be applietb
unseenmoleculesto make predictiongCherkasov et al., 2014\ QSAR model cée builtvia two
different methods:internal crossvalidation, where a percentage of the training set is taken out

16



before the modeisbuilt and these molecules become the test sehisis doneseveral timesandan
averageis takenof the model performance. ® an external vadlation can occurwith a pre
established set of compoundbat are not contained within the training data, as long as the

molecules are within the domain of applicabil{yearden, Cronin, & Kaiser, 2009)

1.4.1.1.1 FreeWilson Analysis
Free and Wilson is a common approach in medicinal chemistry due to its simplicity and

interpretability. A FreeNilson analysis estimates the bioactivity of the molecules by summing the
activities of the substructural fragments that constitute the molec(Wélson & Free, 1964)The
molecules that are used to create the model only need to beipiex/with the property of interest
they do not require the chemical analogue/ scaffold and substituentgyrgps) to be
predetermined. An example of how the Fri#dison analysis is calculated for one R group is
demonstratedin Figurel-9. The equatiortan then be adapted for more R groups around a scaffold,

the subsequent summed R groups would be added to the end of the equation.

Analogue New Molecule R, Derivatives
X X, X
1 0 0
BA = p+ a1 Xq + ax Xy + -+ a; X; 2 0
Ry 3 0 0 1
BA= p+ Z a; X;

i=1

Figurel-9: FreeWilson analysis exnple for one R group. Whexds the contribution of the parent analogue,isithe activity
contribution of R group substructural fragment i and Xi is whether the R group i is present, 1, or absent 0

One of the drawbacksf this methodology is that it caonly provide predictions for-Broups that

have previously been seen and therefore does not allow any exploration around certain substitution
sites.Additionally, predictions for new molecules can only occur if the new molecule identifies with
any of thescaffolds extracted within the dataséireeWilson approach ikmited to thelocal analysis

of homogeneous datasetshowever, other methods have been developed to overcome this

limitation.

1.4.1.1.2 Interpretation of QSAR
An important aspect in chemoinformaticsto understand the relationships in QSAR models. There

have been several approaches to attempt to make them interpretable and provide information on

which atoms or group of atoms are important to the property of interest.
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The first is matched moleculgair analysis (MMPA) that identifies SAR patterns through defining
matched molecular pairs (MMP) that are presentMMPA & | -R8B 85 SR & ( NHzO (i dzNJ
between two moleculesFigurel-10. Kenny and Sadowshkist established this concegKenny &
Sadowski, 20055ARs cabe identifiedaschemical pair transformationthat can cause a change in

ADMET properties or target img. MM are identifiedanddifferences in their measured ADMET

data are used to link properties to structures. An examplaroMMPis changing a methyl group to

a fluorine atom(Griffen, Leach, Robb, & Warner, 2011; A. G. Leach et al.,.2006)

deanaien

FI

Figurel-10: Comparison of MCS and FI MMP methods, MMP highlighted in green

The most common way of fiiing an MMPis via the fragmenindex (FI) method, which cdme
dividedinto several steps. The first step is to fragment each molecule by cleaving bonds. Hussain and
Rea first described this method by cleaving eaayclic singl®ond between two heavytams. The

bonds are broken one at a timendthe resulting fragmentare storedas SMILES, one is the core,

that is the fixed fragment, while the other is the fragment that changégurel-10) (Hussain & Rea,

2010) An alternative approach is based on finding the M main drawback with MMPs is that

it depends on themplementation as using the two different techniques can result in different
MMPs, sed-igurel-10.

Polishchuket al. developed a method that masks a fragment of interest and compares the
predictions of this maska& moleculeand the original unmasked molecule, to provide information
about the masked atom(s). Two different descriptors were used and four different models to
generate a consensus scajet ® D® t 2 f A & Kn@Akdz& Murafadzi203; Y. Polishbhiiks
et al., 2016) Further work, was also done by Polishchuk that took the environment of the atom(s)
into account too(Matveieva, Cronin, & Polishchuk, 2018his method will be further described in

Chapter7.
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Sheridan has recently used similar principles to generate a method that colours the atmording

to how much they contribute to the activit{Sheridan, 2019)Sheridan uses aombination of
molecular descriptors, in frequency form, and ML models to establish a consensus prediction from
all combnations To understand the importance of each atom a recalculated prediction is coohpare
to the original prediction, when the atom is changed to a sodium, Na, atom. However, Sheridan
showed that this is not always possible, as these different combinagignsot always in agreement

with the importance of each atom or even the ordering of the importance of the atoms in the

molecule.

1.4.1.2 Modelling Algorithms

1.4.1.2.1 Decision Tree

Decision trees are a form of machine learning technique that can also be used to predretei
properties/ labels(Wawer, Lounkine, Wassermann, & Bajorath, 20I3cision trees have been
used across a wide range of chemieatipointsto successfullypredict or interpretrelationshipsor

both (Agrafiotis, Shemanarev, Connolly, Farnum, & Lobanov, 2007)

o
o o

o

o o

Figurel-11: Decision Tree
An example of a decision treg shownin Figurel-11. The root node represents the whole dataset,
which is splitinto nodes based upon some criteria or property. The prodsssepeateduntil
eventuallythe outcome is a leaf which is the prediction/ labkil. order to split nodes different
metrics can be used to establithe best split to keep alike molecules together. Common metrics

that are used are Gini impurity, information gain (entropy), and variance reduction.
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1.4.1.2.2 Random Forest
The decision tree is prone to overfitting the data wherabyearns the training data buis not

accurate in predictingew data.One way in which the decision tree cbha enhanceds to create a
collection of decision trees into a random foréRF)YHo, 1995, 1998RF<an help to overcome low
predictivity and instabity of a model.RFsare stable models and are resistant to noise within the
data. Thisis because it uses a combination of decision tree models, a prediction is based on the
predictions made across multipteees and each tree is built using a subset atgtors/ data. An
example of how a RF works is shoinrfFigurel-12. ARFis builtfollowing three rules. The first is

that each treeis generatedrom a random sample of the training séty repeating this a nundy of
times, thewhole of the training set will be sampled. The @ed is thatwhen splittingnodes only a
definednumber ofrandom features are used'he third is that the trees cannbe pruned i.e. be
reduced(P. Polishchuk, 2017)

Dataset
Subset; Subset, Subset, Subset,
Decision Decision Decision Decision
Tree; Tree, Tree, Tree,

Figurel-12: An example of how a random forest works

1.4.1.2.3 Gradient Boos Model
Gradient boost model (GBM) is another ensemble apprdssed ondecision trees that has been

used in chemoinformatics for regression and classification probl@mgolishchuk et al., 2016;
Sheridan, Wang, Liaw, Ma, & Gifford, 2Q16BM sequentially builds weak models, where a weak
model is one that is considered to be slighigtter than random meaning that it has poor accuracy.
This, ultimately, improves the predictivity power since it has less bias and variance as each model
learns from the previous one. An illustrated example of how a boosted systenswatisplayed in
Figurel-13. When moving on to the next decision tree larger weights are given to the incorrectly
predicted observations. The next decision tree amplifies these incorrectly predicted observations to

minimise the los$unction and reduce the errors.
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Dataset

Decision Decision Decision Decision
Tree; Tree, Tree, Tree,
Learn from mistakes Learn from mistakes Learn from mistakes ... Learn from mistakes
Adjusted Adjusted Adjusted Adjusted
Dataset; Dataset, Dataset, Dataset,

Figurel-13: An example of a boosted system

1.4.1.2.4 Support Vector Machine
The support vector machine (SVM) is a supervised technique that identifies a hyperplane in

regression and classification problems. They were initially introduced to the area of
chemoinformatics for binary classificatigBurbidge, Trotter, Buxton, & Holden, 200dnd were

later used on regession problemgAlvarsson et al., 2016)

SVMuses a kernel function to create a hyperplaa¢so known as a decision boundaityat for a
classification problem separates tldata intotwo different clases The data points on either side
of the hyperplane are defined as the support vectors. Thenopin position of the hyperplane
when the distance between the support vectois maximisedwhich is known as the margiand
which minimises the classification errgt. Chen et al., 2013\n example of a classification problem
and how a SVM model works can be seeRigurel-14. This has two classes, 1 labelled in red and

2 labelled in blue which contain two features, x and y.

Hyperplane
A /
Y
® °
. ’,’: “-‘
° o ® Class 1
® PY 4+ Margin ® Class 2
(O Support Vector
° ®
P °
, ® °
@ L
7 o o
Boundary
Lines
X

Figurel-14: lllustration of how an SVM model works
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Vapnik further developed the SVM meith so that it could be useful for regression problems
(Vapnik, 1995)For a regression model, instead of the hyperplane acting as a boundargdietw
classes, it instealelps to establish a prediction value for the property of interest. Within a support
vector regression (R)J model ar-insensitive region is established, this region controls the noise of
the data within themodel, Figurel-15. Ideally all data points are within this region, however, this is
not always possible to haveralevantworthwhile model, so the data points that lie outside this
region have an associated error attaclegdwhich increases as the distances from thmsensitive
regionincreasegIvanciuc, 207). Ahyperplanecan then be fitted using these data poirgiowing

an estimate y valuéo be provided for any given x value.

,tE
A
Y o
-€
;‘ .
£ * .
! o
® o ®
®
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. -
o ° o
@
e-insensitive
region

Figurel-15: SVR example

Not all examples are as straightforward asHigure1-14 and a clear hyperplane may not be
identifiable. A hyperplane may be more easily identifiable wtiem data is projectednto higher
dimensionswhich is done througla kernel function. A common kernel functios the radial basis

function (RBF). RBF is a Gaussian function

. 0 (1.3)
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Wherex and y are vector pointand " controls the shape of the hyperplan&he squared distance
between these two points is calculated.—, scals the amount of influence two points have on

each other(lvanciuc, 2007)t is commonly used as it works in infinite dimensions and is efficient.

1.4.1.2.5 Partial Least Squares
Partial least square@LS) regressiaa based on the upon principabmponent analysis (PCA) and

multiple linear regression. PLS is a technique that can deal with the large number of independent
variables that are typicallysed to represenimolecules. A PLS model providestechnique for
correlating information in one data matrix, X, to the information within another matrix, Y, where X
are the independent variables and Y is the dependent variable(s). Whereas, PCA is just the analysis

of one data matrixi.e., Xwhich can tlen be visualisedsee below

The first step of a PLS is to first reduce the number of independent variables to a smaller set of
uncorrelated components. A linear regression can then be performed on these components to allow
the dependent variable, the pperty of interestto be estimated. These two steps can be explained

via the following equations:

~

® "0 1.4

1Y ® 1.5)
X is the original variable matrix which is made up from of a set of T scores and P their associated
loadings and Xesiduals, E. The set of T scores can then be combined with the regression weights,

B, and the weight matrix of X, C, to provide an estimate of the Y va(éddi, 2010)

The way in which th@LS is developed means that the first components entoelenost variation.

As a result PLS can reduce high dimensional data to a significantly smaller number of variables,
which contains the largest amount of information for that original X matrix. [Engge eduction

allows them to be usefuydredictors for chemical propertie¢B. Chen, Zhang, Bond, & Gan, 2015; P.
Polishchuk et al., 2016)

1.4.2 Unsupervised Leaimy
In contrast to supervised learning, unsupervised learmsrapplied taunlabelled dataThemainuse

of unsupervised learning in chemoinformatics is to model molecptaperties and biological
activity in order tolearn more about the data. Examples this are principal component analysis

(PCA) and clusterin@larke et al., 2008)

23



1.4.2.1 Principal Component Analysis
PCA is a dimensionality reduction technique based on using linear comnisiat the descriptors.

However, with the reduction of thdimensionsthere is an expected loss of informatighledina

Franco, MartineMayorga, Giulianotti, Houghten, & Piaill2008; Wawer et al., 2010)

The principal componentare calculatedrom an original matrix of n rows, where n is the number
of molecules, and p columns, where p is the number of descriptors, through a vadamagance
matrix. The varianceovariane matrix isof size of n x n. The eigenvectors represent the directions
of lines, which cabe drawnthrough the data points. The eigenvalues are the amount that the data
points vary from this eigenvector. The eigenvector with the largest eigenvalue vgnkas the
principal component this means that it is the one with théargestvariance. The number of
eigenvectors and values thare consideredollowing a PCA analysis determines the number of
dimensions used to represent chemical spaldeerefore, if he model only has twdimensionghen

the two largest eigenvalues are userthe principal components selectack all orthogonal to each
other (A. R. Leach & Gillet, 2007; MediReanco et al., 2008As variables with high dimensions can
be reduced to two or three variables, principal components, BCA can be visualised in a plot form,
seeFigurel-18. Adisadvantage of this visualisation technique is ttiegt principal components are
linear combinations of the original descriptors which can be hard to interpret and that it is not always
possibleto condense information into a small number kdy components to allow pattersito be

identified (Bro & Smilde, 2014)

1.4.2.2 Clustering
Clustering allows objects to be divided into differgmoups or clusterswhere djects in the same

group are the similar and objects in differegroupsare different. From a chemoinformatici@n
point of view, this may enablerelationships between chemotypesnd biological activityo be
identified (Gillet etal., 2015; Wawer et al., 2010)here are three main steps to clustering: the first
step is to establish each molecfleset of features; the second step is tmlculate pairwise
similarities between the moleces the third and final step is to clusteogethersimilarmolecules

(Willett, 2005)

There aretwo main types of clusteringmethods which arehierarchicaland non-hierarchical
methods Both clugering methods generate distincor crisp clusters therefore none of the
structures can appear in multiplelusters other than the nestecclusterswithin a hierarcty of
clusters(R. D. Brown & Matrtin, 1996)here is aother type of clustering known as fuzzy clustering

that allowsthe objects to belong to more than orwduster. Thisarose in popularity due to its unique
24



ability to be able to have an item in multiptdusters which in some instances can bgeful(Bunin,

Siesel, Morales, & Bajorath, 2007)

There have been several areas in the chemoinforrsatiea that use clustering, such as: SAR, virtual
screeningGupta & Zhou, 2021highthroughput screeningHarper, Bravi, et al., 2004; Reymond &
Awale, 2012)visualisationgGlitlein, Karwath, & Kramer, 2012Xcaffoldanalysis(Mok & Brown,
2017)and molecular dockingViakeneni, Thieker, & Woods, 2018)

1.4.2.2.1 Clustering Techniques

1.4.2.2.1.1 Agglomerative Clustering
Agglomerative clustering is a type of hierarchicastung thatbuildsclusters from the bottom up.

Therefore, each molecule begins on its oamdthe moleculescome together based uponcertain
criterion. The merging of clusters is repeated until all molecules are in a single cluster. There are
three man implementations of agglomerative hierarchical clustering: grauprage, singkink and
completelink. In each case, the two clusters are combined that have the smadtbst. The three
indexes are illustrated irFigure 1-16 by different colours The four resulting clusters are
demonstrated with a dashed line. The greayperage is the distance between the cluQeaverages,
shownby the red arrows. The singlmk index is the minimum distance between any twoletules

where one is taken from each clusteshownby the green arrows. The compleliek is the maximum
distance between any two molecules where one is taken from eaddter, shown in by the yellows
arrows. A clustering level is chosen based on eithelistance criterion or a specific number of

clusters(R. D. Brown & Martin, 1996; Murtagh, 1985)
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Figurel-16: An example of agglomerativeuskering, the red arrowmdicatesthe average distance algorithm, the green arrows
indicatesthe singlelink algorithm and the yellow arrows indicates the compiité algorithm.

1.4.2.2.1.2 Butina Clustering
Butina clusteringalso known as TaykButina as it wafirst described by Taylor et. @laylor, 1995)

consists of two main steps. The first stepasdentify potential centroid molecules. These are the
molecules that the clusters will be built around and will, therefore, be the centres ofltisters

For eachmolecule the number of near neighbours is calculated using a specific Tanimoto threshold.
The molecules are theorderedso that themoleculewith the highest number of neighboursfirst

and the molecule with the fewest is last. This ordering eliminates issues of order dependencies that
are seenwith someother clustering techniques. Thedtrmoleculeis then selecteds the centroid

of the first cluster and all thenoleculesthat are above the similarity threshold becorpart of this
cluster. These molecules are removed from the list to ensure dhableculeis only assignetb a
singlecluster. The next remainingioleculeis then choserfrom the listandthe processs repeated

until all moleculesare within aclusteror are a cluster on their ow(Butina, 1999)An example of

this clustering technique cabe seenin Figure 1-17 where the red circles represent centroid
molecules, the lighter blue larger circles represent the Tanimoto threshold, and the small darker blue
circles represent molecules that fall within the Tanimoto threshold of tespective centroid

molecule.
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Figurel-17: Example of Butina clustering

1.4.2.2.1.3 K-Means Clustering
The K-means algorithm also uses centrojdss for Butina clustering, howevethe number of

centroids (and therefar clusters) is prelefined as k. The centroids are initially chosen at random
and each molecule @ssignedo its nearest centroid. For each cluster, a new centroid is calculated
as the centre of the compoundsithin the cluster Each molecule in the daat is then reassigned

to its nearest centroid. The process is repeated until there is no change of molecules to ¢Bistars

& Gupta, 2014)

1.4.2.2.2 Cluster Validity
Different clustering techniques typically produce different clusterings of molecules depending on the

input parameters and the algorithm used. Therefore, oncestelts havebeen establishedit is
important to check how valid the clusteastuallyare. Cluster validity is determined by calculating
various scores that aim to quantify how good the clustering is. There are two criteriardtgpically
usad. These e the compactness of the clusters and the separation betwelesters There are
three types of indexes: external, internal and relati&ternalindexesare basedon how well
matched the clustesare toknown specifiedclasse®r labels.Thisis usefulif the ideal clustering of
the data is known. However, if thisusknown, which is usually the cagken this index cannot be
used without seHassigning all the data points. Internal indexas basedn the dataitself and do
not make referencdo any pre-existing cluster information. These indexa® typically based on
calculatinginter- and intra-clusterdistances. Relative indexes companailtiple clusters, via either
an external or internal indeAgrawal, Garg, & Patel, 2015Yhere are three different waysf
calculating theinter-clusterdistances The first is the single linkageethod whichuses the same

principle as the agglomerative clustering dendinkageand isthe minimum distance between
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clusters that is, the distance between the closest two data points. The segsndmplete linkage
which isthe maximum distance between clustetbat is, the distance between the furist two
data points. e third is the distance between the centroids of each of tbleisters Single linkage
and complete linkagenvolve pairwise similarity calculationsnd can,therefore, have large

computational cost§Azuaje & Bolshakova, 2002; Halkidi, 2001)

1.4.2.2.2.1 Silhouette Average
Silhouette average provides information on the cohesion and compactness of the clubtkralso

providing informationon the separation. A silhouette averagea value betweernl and+1 with the
closer the value is to +1 the better the clusteringsAs calculated for each data point/molecide

shown in Equation 1.6
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Where ai is the average distance of pointo all points within its own cluster, bi is the average

distance of to all pointsin the nearest neighbouringusterand m is the number of data poinfge

closer thesilhouette scores to one the better matched data point is to itsown cluster, which
represents good cohesion, and the more poorly it matches to the athesters representing good
separationWhen a data pointisinaclusteronitsowniE I aAy 3f Si2y s GKSyYy (K
score becomes zero as this is the most neutral score to give it as zero sits directly in the middle

between-1 and +1(Rousseeuw, 1987)

1.4.2.2.2.2 Dunn Index
The Dunn index iglsobased oninter- and intracluster distances.
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Whered(g, g) is the distance between clustecsand g and max{d(x,y)}equates to the maximum
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distance between poink andy that are within the same clustec,. The more compact and more
separatedclusters are the higher the Dunn indé&unn, 1974; Halkidi, 20014 disadvantage of the

Dunn index is that it can be computationally expensive for large datasets and it is sensitive to noise.
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1.4.2.2.2.3 Davies Bouldin Index
Davies BouldifDB)indexis the average of the ratbetween the intra-clusterdistance and the

separation between clusters for each clust€hismeans that the Davies Bouldin must be positive.
There are several properties that should conserved. The main one is that the ratio betwéén

and thej" cluster must le greaterthan or equal to zerowhilst also maintaining that theatio R;

equalsR;.
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Wheres is the intracluster distancegj is the intercluster distanceandncis the number of clusters.
This index generally suggests that the lower the value of DB then the better the cluster separation

and the more compact thelustersare (Davies & Bouldin, 1979)

1.4.2.2.2.4 CalinskiHarabasz
The CalinskiHarabasz (CH) index is the ratio of the avenagerclusterdistance and the average

intraclusterdistance.
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Wherenois the number of data points\is the number of clustersk is the number of points within
clusterk, z is the centroid of clustek, zis the centroid of the overall points andis a data point
within clusterk. Unfortunately, due to the nature antra-clustersum ofsquares,it examines all
possible grouping of points which means that it can become very computationally exp@daiveski
& Harabasz, 1974A larger CH index is preferred as this demonstrates a larger cluster separation

relative to the cluster compactnegdauhiainen & Karkkainen, 2017)

1.4.2.2.2.5 Kelley Index
The Kelley index is differeftom the other indexes as this index penalises clusters that contain a

large number of singletons as these are not desired.
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Wheren is the number of pointsk is the number of cluster§ the mean of the intrecluster

distancesand min{J ) and max{¥ ) are the minimum and maximum of the intcduster distances.
The singletons are excluded from this calculation, therefore, this equation penalises where there are
a large number of singletonshebetter the clusteringthe lower the value of the Kelley ind@xelley,

Gardner, & Sutcliffe, 1996)

1.4.2.2.2.6 BallHall Index
BallHall(BH)index is one of thendexesthat only takes into account thiatra-clusterdistances.

60 03 éﬂo WE 6&0H 6O Qi (1.15)
WhereKis the number of clusters amk is the number of data point in thi" cluster. The desired
level is knowras the elbow. This means if all BH points are plotted against number of clusters. Then

the turning point in the graph is the number of clusters that should be ch@at & Hall, 1965)

1.5 Visualiation of Chemical Space
Many different visualisation techniques haleen usedo help medicinal chemists easily interpret

and identify relationships between chemical structures and activiiegycanalsobeimportantin
suggestinghemical space to ftiner explore or exploit and display a large amount of data without
any biasThiscan either be to focus on one compound or to explotargerset of compounds that
have the potential to be biologically actii€ayastha, Kunimoto, Horvath, Varnek, & Bajorath, 2017;
Wawer et al., 2010; Wollenhaupt & Baumann, 204 ditionally, visualisation @ucialas it dlows
complex problems to be simplified to aid tdecisionmakingprocess. It can provide information on
which molecules to prioritiseyhile also providing information on how diverse a chemical series is,
along withkey SAR analysis with ADMET propertigsfortunately, due to the complex nature of
chemical space, which is frequently mudtmensional, it is challemgg to represent it in fewer

dimensions to make it human readal{ldedinaFranco et al., 2008)

Four common uses of visualisatiomsre identified by(Stumpfe & Bajorath, 201@&ye shown irFigure

1-18. Firstly,is plotting the compounds in a low dimeasal space. Second, they can be used to
organise data according to common substructures to, for example, indicate the significance of R
groups around a scaffold. Third, they can be used to indicate how data can be organised through the
clustering and partioning. Finally, they can be used to relate chemstalctures to properties of

interest, typically active values.
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Figurel-18: Different visualisation approachéStumpfe & Bajorath, 2016)

1.5.1 Generation of Structuréctivity Relationship Tables
A unique way for chemists to display their data is in a strueattvity relationship (SAR) table. SAR

tables are a way of uformly representing chemical data within a tablenisis doneso the medicinal

chemists can easily interpret and analyse the chemical space théigessexplored

1.5.1.1 Traditional SAR tables
Atraditional SAR tables also known as a-@oup table. Bch rowrepresents a chemal structure

and the columns represent differefgroups with the corresponding chemical substitution in the
cell. The final column represents the biological activity value of the moleth&se tables have been
used for many years ashemists find them easy to comprehend. However, they bantime
consuming to generate and also difficultftdly and critically analysgAgrafiotis, Shemanarev, et al.,
2007)
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Tradiional SAR tables were generated manualbyvaver they are thersubjectiveand different
chenists may organise the data differentlging a different core scaffibland different definitions
of the R groupsThiscould havea largeimpact if thetablesare analysed automatically or are fed
into another system as the d@rent variations could lead to different results. This type afrBup
table is also not able to deal with large datas@tollenhaupt & Baumann, 2014)ifferentmethods

are being developed to overcome these disadvantages.

1.5.1.2 SAR Matrices
SAR ratrices weredevelopedin 2007 by Agrafiotis et al. with themain aim to help medicinal

chemists see relationships within their data algorithmically without the need of a ch@mgut.A
SARmatrix is a table where the columns are different R groupsthadows are different cores such

that each cell is a unique molecule that che colouredaccording to its biological activity, or
physicochemical property that Iseing investigatedThiscan easily allow the medicinal chemist to
identify areas ofchemtcal space that have ndbeen investigated see Figure 1-19 (Agrafiotis,
Shemanarev, et al., 20Q7)hese matriceare generatedhrough a mixture of MMRanalysisand
clustering. One cluster can eadiy seenin Figurel-19, the highlighted moleculésthe combination

of the core (row) and the-Broup (column)Stumpfe & Bajorath2016) Further work has been done
recently, which constructs the SAR matrix whilst also being useful in molecular design as it provides

predictions for neighbouring unexplored blank molecuésshimori & Baj@th, 2020)
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Figurel-19: SAR matrixStumpfe & Bajorath, 2016)
1.5.1.3 Radial Scope Plot
Recently, there has been a newuadisation to display structurdata relationships, the radial scope
plot illustrated in Figure 1-20c. This attempts to combine a scaffold structure and a coloured

heatmap of properties of the Broups(Rodrigiez Benitez, Dirr, & Narayan, 202Beatmaps will
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be discussed further later. These radial scope plots attempt to demonstrate-¢ineups that impact

the conditions that are of interest.
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Figurel-20: A)Traditional substrate scope plot, one core with multipigréups. B) A table representation of the substrate
information. C) Radial scope plot for two different conditigRedriguez Benitez et al., 2020)

1.5.2 StructureActivity Similarity Maps
Structureactivity similarity (SAShaps were first introduced by Maggiora et al. in 2001. SAS is a

scatterplot representation that represents pairwise structure molecular similarities and molecular
activities, see Figure 1-18. This visualisation ¢fers from the SAR matrias each point in the
scatterplot isa molecularpair rather thana singulamolecule.Figurel-21 shows the four major
regions thatare associatedvith SAS maps. These regions help to idgrvhere there is a high/low
structure similarityand/or a high/low activity difference. Region Il is a region with smooth SAR where
thereisa high molecular similarity andlew activity difference. Region IV is where the activity cliffs
are as they cotain high molecular similarity and high activity difference. Region | is the scaffold
hoppingregionwhich isimportant andthis is locatedacross from the activity clifffRegionlll is an

uninteresting regior(Saldvar-Gonzalez, Naveja, Palomiiternandez, & Medindranco, 2017)
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Figure1-21: SAS map showing the four major regi¢BaldivaiGonzalez et al., 2017)
The regions in SAS maps are hard to define and vary from task to task. Additionally, SAS maps are
limited to small datasets duetthe plotting of Ndata points where N is the number of molecules.
There are several different variations of the SAR maps to help to overcome these issues. One
example is density SAS maps which contain a heat map based on the number of points within tha
region, therefore giving the frequency of the data points within that argzaldivasGonzalez et al.,

2017)

1.5.3 Networks
Chemical space networks were originally developed in 2014 by Maggioraetathemical space

network, each molecule is represented an@de and the edgesonnect two molecules itheir

pairwise similaritysabove a certain threshold he network structureepresentsghe chemical space

by capturingthe discrete pairwise similarity of molecular structures rather than just the molecules
themselves. This means thatR2 Sa y 20 adzFFSNI TNRYW I GRS & QOdzNE/S |
allows easy analysis of chemical space through algorithms developed for network analysis. However,
there is one universal issue that it fails to address, the visualisation can change depending on how

the molecular representatiors defined(G. M. Maggiora & Bajorath, 2014)

Networks provide a good interpretation of chemical space. Networks allow us to establish activity

cliffs wherea slight change in chemical structuwmehilst retaining a similar functionality (same RG)
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can have a huge impact on the biological actié#ollenhaupt & Baumann, 2014)ike many other
visualisation techniques, network maps can be nicely complemented witlugkeof colour, as it
allows a user to quickly and easily establish relationships between structure and aciviby.
methods that are of interest are INSARa and SARANEA, as they use networks to display chemica

information.

1.5.3.1 InSARa
INSAR&s achemical spce network in which the underlying molecular representation is the RG. This

is a visualisation technique that exploits MCS. The pairwise MCSs are found which consequently
allows a root MCS to be found. The molecules are then matched to which root MCi&tbay to.

The network consists of a root node as the smallestMRZS of the cluster. This is then expanded

out to more nodes, which contain subsets of the cluster represented by largdl®&%& Then, the
molecules are placed onto the network attached teetlargest possible RECS of a cluster, see
Figurel-22. This visualisation allows easy identifioatof activity cliffspharmacophoric features of

the chosen target and SAR hotsp{gollenhaupt & Baumann, 2014j a RGVCS node has all red
coloured attached nodes bar one being green, then this wdaeldonstrate an activity cliff. Whereas

a SAR hotspot would be if there were multiple occurrences of all colours at a sinfl€R@ode.
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Figurel-22: a) A prototype of the inSARa network. b) Import the dbehstructures using Cytoscape with ttemVizplugin
(Wollenhaupt & Baumann, 2014)

1.5.3.2 SARANEA

SARANEA isnetwork similarity graph that explores a data@estructureactivity relationship (SAR)

and structureselectivity relationship (SSR)ue to the structure and purpose of the SARANEA
visualisationjt gets its name SAR due to the exploration of SAR analysis within this work and ANEA
comes from araneae the scientific term fepidets webs which refers tthe likeliness of network

graphs to spider webs.
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A node within the network represents a molecule within the data®et node's colour dependsn

the bioactivity of that molecule. The edges demonstrated between the nodesifaitee two
connected molecules have a structural similarity above a predefined threshididitional
information is provided in the form of two numerical scoresdifcontinuity score estimates the
contribution from an individual molecule to the disagreent with the datasets SAR. &ff index
indicates how far away the molecule is from the activity cliff, therefore, the higher the cliff index
the greater the difference in activity from the activity cl{ffounkine, Wawer, Wassermann, &
Bajorath, 2010Q)

1.5.4 Generative Topographic Mapping
Generative topographic mapping (GTM) is another visualisation technique that reduces the

dimensionality of the input data. It has been adapted for chemoinformatics fromputer science.

GTM is a similar visualisation technique to SOM. However, with GTMS the input data is not mapped
exclusively to one nodeinstead, the mapping is based on probability distribution function.
Therefore, a compound can map to multiple nodéth a probability so that the multiple nodes can

share a compoun@Stumpfe & Bajorath, 2016)

1.5.5 Radial Clustergrams
Radialclustergramsare similar to dendrogram®endrograms are a tree diagram that is used to

display hierarchical clustering. This visualisation technique, however, displays the cluster in different
layers, from the centre of a circle outwards. Each layer of the tree is seen as a different layadr. Radi
clusters are considered to be the most effective and efficient way to visualise large amounts of data

on a screerfAgrafiotis, Bandyopadhyay, & Farnum, 2007)

36



Figurel-23: A radialclustergram each strand are trees and the colour correspondiée@roperties of the tre€Agrafiotis,
Bandyopadkay, et al., 2007)

Radial clustergrams are different from other methods as they do not display their data in a linear
manner. The radiatlustergramgets its name from it being a circular representation around a node,
seeFigurel-23. Colourcoding can be added to it to be able to clearly understand the properties and

the molecular structureglvanenkov, Savchukkigs, & Balakin, 2009)

1.5.6 Heat Maps
Heat maps are visualisation techniques that are suitable for large datasetsoaséquentlythey

have grown in their use recently due to an increase in the size of compound datasets. As traditionally,
high quantity anchigh-density datasets that contain a lot of data points have been hard to visualise.

A heat map is a mapping of data points to a grid. The heat in this instance refers to the number of
data points within a regiongenerallythe more data points the warmethe colour but this is
dependent on how the map is constructéduman, Boorman, Wilson, Travlos, & Paules, 200fis

allows highdensity data sets that contain a lot of data points to be analysed with colour showing the
extent to which an area has been explored. Heat maps were originally used in social science,
howeve, they have started to be used in chemoinformatics where there is a need to putibiggity
information into a visual representation that allows a proper biological context to be identified such
as hot spots and clusters of biological activity. The diffee in coloursassistsin hypothesis

generatingor data interpretation(Juneau, 2015)
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1.5.7 Scaffold Visualisations
There have been several visualisations that have been designed specifically to deneotist

scaffolds that are present within a dataset and how molecules can vary around the scéffiotiis

scaffold visualisations have been reviewed further.

1.5.7.1 The Scaffold Tree
The scaffold tree was developed in 2007 that creates a hierarchical teesttikcture based upon

scaffolds. The nodes of the tree are scaffold structures that when progressing down the tree
becomes more complex scaffolds. The various scaffolds are generated through a set of chemically
derived meaningful rules. For each molectiie terminal chains are removed. Ring structures are
then iteratively removed until there is just one ring remaining. If any of the removal iterations would
lead to a disconnected structure, then this could not be removed. Each of the scaffolds can be
coloured according to the property of interest, generally it indicates the ratio of active compounds
for that corresponding scaffol(Schuffenhauer et al., 2007)he scaffold tree has sequentially been
expanded and transformed intonaopen source librarscaffold graphScott & EdithChan, 2020)
2SG1StQa a0FFF2fR Kdzy iSNJ 22t GlF18a FRGFyGlr3aSs
that uses the hierarchical structure along with teeucture-activity relationshipgWetzel et al.,

2009)

1.5.7.2 ChemTree Map
The ChemTreeMap visualisation tool attempts to display the chemical space that has been explored

and the relationship between all of the molecules. As well as providing infasmabout the overall
relationships of the molecules, specific information was focused on, such as molecular properties
and biological activities. The tree is a hierarchical tree that places similar molecules on the same
branches and the length of these Im@hes corresponds to the molecular similarity, Tanimoto
similarity. The molecules are representedeasended connectivity fingerprints (ECFPhe size, the
colour and the outline of the node are all usdfined based upon their interest and chosen

properties(Lu & Carlson, 2016)n example of the ChemTreeMapn beFigurel-24.
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Figurel-24: ChemTreeMap example Ghk1 dataset
1.5.7.3 AnalogExplorer and AnalogExplorer2
AnalogExplorer is a graphical method that examines am@&lcgeries within a datasetThe
AnalogExplorer tool works by generating Beiisrcko scaffolds and thepotential MMPadapted
scaffolds By allowingslight adaptionst triesto combine closely related serieso similar SARs can
be identified.These adaptations have two strict rules, the MMP transformation maximum size of the
exchanged fragment is thirteen nédrydrogen atoms and the size difference been the two
scaffolds must be less than eight rbpdrogen atoms. By using MMP transformaton attempts
to display activity cliffs and-§oups responsible for the cliff. ThegRoups decomposition then
occurred to identify all substitution sites arodrthe scaffold whilst also identifying thedgRoups
(Zhang, Hu, & Bajorath, 2014nalogExplorer2 uses the same principals, however, the methodology
is sensitive to thenolecules' stereochemistryithin the scaffold and ®Rroups(Hu, Zhang, Vogt, &
Bajorath, 2015)

The AnalogExplorer is a directed hierarchical graphégaksentation Figurel-25a. The number of
layers equates to the number ofgroups demonstrated. Therefe, it shows all possible substitution
sites and site combinations that are currently present within the series. The beginning node is the
analogue without any ®roups being added. Each layer indicates a different substitution site. The
node size is theumber of analogues within that node, the node colour is the mean pKi value and
the node border is the potency range demonstrated within that node. Also, the node is labelled with
a number and this is the node number that has been assigned to it. Wheneadums not contain

a colour, this indicates that there are no corresporgmolecules that only contaiRgroups to this

level. AnalogExplorer is methodology that attempts to utilise the reduction in informatidoy
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creating its own reduced graph via exting redundant nodegFigurel-25b. Asonce the chemical

graph trees have been displayed they are then also turned into the RG counterparts. For bath trees

the positioning is determined by DAGLaout algorithm ofaJpackage JUNG & WI @ |-
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Figurel-25: Prototypic AnalogExplorer for Androgen receffirang et al., 2014)

1.5.7.4 rdScaffold Network
rdScaffold network is a scaffold network that has been implemented in RDKit. A molecule is

iteratively fragmented according to pi@efined rules. The rdScaffold network then represents these

L VA DS

different scaffolds where the node is the chemical structure of the scaffold and the edges are labelled
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with the operation. The operation indicates whether it is an initialisation (remove side ¢hains
fragmentation (according to the rules) os generiqreplacement of norcarbon atoms with carbon
atoms)(Kruger, Stiefl, & Landrum, 2020)

1.5.7.5 LASSO
Another scaffold representation is the layered skelesmaffold organisation (LASSO) graph. The

scaffolds within tle LASSO visualisation are of cyclic skeletons that follow Bemis Murcko scaffold
rules. Each layer within the representation increases in complexity. A pie chart is represented at each
layer for each unique cyclic skeleton, the colours within the pie ctl@monstrates the activity
values. A demonstration of how the LASSO graph can be generatdeéigsiial-26. Figurel-26a is

a dataset and their corresponding activity valuEgurel-26b shows the generation of the cyclic
skeletons and relating pie chartsigurel-26c demonstrates how the information can be layered. In

the LASSO graph the chieal structures are replaced with the activity pie chg@siptaOstermann,

Hu, & Bajorath, 2012)
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Figurel-26: lllustration of how the LASSO graph is generé@agptaOstermann et al., 2012)

1.6 Molecular Generation
The final chemoinformatics approach to be examinsdriolecular generation. This is typically

referred to as de novo design. De novo design techniques design new molecules in an automated

way. There are typically two approaches, either atbased or fragmenbased. Several of which will

be discussed.
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1.6.1 Atom-Based
Atom-based approaches build molecule one atom at a time. Atebased methods were first

introduced to construct molecules to fit the binding site of a receptor. A molecule is growniatom
atom to ensure that the moleculean fit within the pocket ad form potential hydrogen bonds
(Bohacek & McMartin, 1994; Nishibata & Itai, 19%pwever, these methods can produce vast
number of molecules that are either not valid or do not resemble dikg molecules. More
advancedmethods of atorbased approaches have been introduced in recent years due to deep
learning and artificial intelligence approaches. These can be anything from recurrent neural

networks, autoencoders and generative adversarial netw@kksBrown et al., 2020)

One of particular note, is the methatkveloped byPoginy et. al(Pogany, Arad, Genway, & Pickett,
2019) This is a deep learning method that takesRG as minputstring and returns SMILES strings

of moleculesthat should have the same RG as the input string. This method is a longtesmort
memory neural network. Therefore, a test set of molecules and corresponding RGs has to be

imported into the model so that the model can learn how SMILES care rel®Gs.

As well as building molecules based on RG structures there have also been implementations that are
based upon scaffolds. Langevin &trecently incorporated recurrent neural networks and scaffolds

to constrain the molecular generation to juscaffold. A disonnected SMILES with wild atoms, *,

to reserve connection points is input into the model. The model performs a samadlitige wild

atoms to perform a scaffold transformatior{Langevin, Minoux, Levesqu&, Bianciotto, 202Q)
Another scaffolebased method is a variational autoencoder that allows a scaffold to be inputted

and is grown atom or bond at a tinfeim, Hwang, Moon, Kim, & Kim, 2020)

Another recent method looks at exploitirsgaffolds and fragmentation rules. A scaffold is decorated
in either a multistep process or singigtep process. The decorators were created using MMPs or
RECAP rules. One molecule in the trainingaetontain multiple scaffolds, and therefore, mulep
decorations. However, all scaffoldsvgeto retain one ring system and comply with the rule of 3.
Additionally, the decorator fragmentsan only contain one attachment point and the scaffolahc
have up to four. Thesarethen used to train a scaffoldegerator model, recurrent neural network,

and a decorator modeh bidirectional recurrent neural networkArasPous et &, 2020)
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1.6.2 FragmentBased
In contrast, fragmenbased approaches instead of building molecules alyratom are based upon

fragments. These occur through different fragmentation processes and can use fragment libraries.

The fragments can be any size.

An early fragmentased de novo design methasl the Topliss tree. The Topliss tree is a tree that
attempts to guide molecular design to the most active molecule. Topliss trees are usually used to
alter an analogue in a stepise manner based upon the phgschemical properties of new
fragments. TieTopliss tree waBrst usedto alter thesubstitution onan aromatic ringTopliss, 1972)

More modern versions based on similar principles to the Topliss tree alecoies generated from
MMPs (Dossetter, Griffen, & Leach, 2013; Griffen et al., 2@t13pparent welknown functional

group change¢Stewart, Shiroda, & James, 2006)

Several approaches alternatively, have rules that are implemented to fragment a molecule for part
of the molecule to then be replaceith a different fragment, examples are REGRA&well, Judd,
Watson, & Hann, 1998BREE[Pierce, Rao, & Bemis, 20@4)d BRIC@®egen, WegscheiGerlach,
Zaliani, & Rarey, 2008)hese three methods will all be descrifadher in Chapte8.

Another methodthat use uses fragment mutations is PolishcAu®ReM methodP. Polishchuk,
2020) The CReM method looks &ragmenting the molecule and timeusing a database of
interchangeable fragments to replace the fragment. There are three different ways the structure can
be generated, through a mutate, grow or link. Where mutate is a replacement, grow is a mutate
operation, however, it is the replacement of a hydrogen atom, and link is the replacement of
hydrogen atoms on two separate molecules to appropriately link the two separate molecules

together.

Fagmentbased methodshave alsobeen developedwith chemical scaffids in mind. Jin et. al
created a method that utilises junction trees and a variational autoencoder. A chemical graph is first
turned into a junction tree based upon chemical substructures which have been determined from a
training set constructed from bldiing blocks. The junction tree and chemical graph are both fed into
latent embeddings for the junction tree to be decoded and generates fragments to reconstruct into

a chemical graplJin, Barzilay, & Jaakkola, 2018)
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1.7 Conclusion
With the rise in cost of the drug discovery process a new era of chemistry has arisen. This has led to

intensive developments in different chemoinformatics and data anafechniques. Therefore,
appropriate chemical structural representations are required so that both humans and computers
can understand and interpret them. The three most common representation are SMILES, molecular

graphs and connection tables.

These repreentations can be transformed into descriptors for data mining applications through
mathematical procedures that allow the characteristics and properties of the chemical stratdure

be captured. Fingerprints are one of the most common descriptors, othwthiere are many
different types: atorbased, pathbased, hashed and ECFP. They all follow the similar concepts of a
bit string containing ones and zeros to indicate whether the features are present or absent. However,
careful consideration is required wh selecting the best type of descriptor to use. One descriptor
that is of particular interest in this thesis is the reduced graph due to its ability to compress the
NBLINSBASYGlFrGA2yY R2gy G2 | Y2NB O2YLI O0 aFil@edly K

Molecular descriptors form the input to a variety of data minargl machine learningechniques in
which the computer aims to identify patterns in the data. A key aim is to edonmation to create
modelksthat relate the descriptors to thbiological activities of the molecules so a prediction can be
made for a previously unseen molecu@her machine learning methods have the ability to group
similar molecules together, where the similarity values can be calculated from either FPs or the

maximum common substructures of chemical structures.

There are many different ways in which molecular datasets can be visualised in order to make it
easier for chemists to understand and interpret malir relationships. Some of thasualisation
general techniquesand scaffold visualisations used in chemoinformatiesre beenreviewed
however, thee are varied approaches todicatingthe chemical space that has been explored whilst
also showing potential chemical space to work in. Tarsbe used to diQSAR problesin the drug
discovery process, in keyagfes such as lead optimisatidhhas also been demonstrated that there

is a need for a method that has the ability to deal with large amounts of data whilst also being
interpretable by the end chersi. As good as visualisations are, they are not a replacement for
guantitative numbers and analytics and statistics. Visualisation are a tool to further aid decisions and

understanding of data.

Finally, within this chapter, several different approachesnolecular generation were examined.

Both atom and fragmenbased methods that have presented. Some will provide inspiration for a
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new molecular generation algorithm that has been created and described within this thiesiaext
chapter shall focus on ampting to best represent the relationship between a set of molecules

within a dataset. Ultimately, this will provide a platform to be able to visualise these relationships

and SAR.
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2 Using Reduced Graphs to Represent Lead Optimisation Series

2.1 Introduction

The lead optimisation (LO) stage of the drug discovery process is a crucial step to create a compound
or compounds with the desired property profile(s). The desired property profiles aim to balance
absorption, distribution, metabolism, excretion and toky (ADMET) properties while retaining or
improving on potency. Initially, a few active analogues are identified and, through an iterative
process, substituents on the molecules are modified to build chemical series and ideally identify
compounds with tle desired properties. Therefore, LO datasets generally contain hundreds of
molecules that are built around a small number of scaffolds. An example is illustrated in Figure 2
where the scaffold has different substitution points identified on the rindidated through the use

of arrows. Several different suggestions of substructures at these different substitution points are
shown. LO datasets are typically represented through struetisterity relationship (SAR) tables and
Markush structures. Markushrsictures are used to indicate the core scaffold with the substituents
shown as R groups and SAR tables indicate the variation in the activity for different substituents at
each R group positiofAgrafiotis, Shemanarev, Connolly, Farnum, & Lobanov, 2QQ Btdmpfe, &
Bajorath, 2016). SAR tables and Markush structures have been widely adopted as they are easy to
understand and interpret. However, both the core scaffold and the substituents are represented as
substructural fragments, which limits the usefabs of the approach. This is because a slight change

to the core can lead to a new scaffold being produced, which can then make it more challenging to
interpret the SAR across the series. The work undertaken in this chapter establishes a new technique
for representing LO series to overcome these limitations. It extends the principles of the SAR table
by replacing the substructural fragments by reduced graphs (RGs) which are insensitive to some

small changes in substructure.

RGs are used in Chemoinformatio represent and search Markush structures in chemical patents,

to identify SAR and for scaffeltbpping. (Barker et al., 2006; Barker, Gardiner, Gillet, Kitts, & Morris,
2003; Birchall, Gillet, Harper, & Pickett, n.d., 2008; Birchall, Gillet, WillettpD & Luttmann, 2009;

Gillet, Downs, Holliday, Lynch, & Dethlefsen, 1991; Gillet et al., 1987) RGs are a compressed
representation of a molecular structure. The atoms within the structure are compressed into RG
nodes that focus on functional groups thiaave potential to form binding interactions. Different
substructures can be collapsed into the same node type. Therefore, the RG representation is a many
to one representation, as multiple molecules can produce the same@@pterl. Thus, RGs

highlight parts of molecules that could form interactions with a receptor which are crucial parts of
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drug molecules. Consequently, when chemical scaffolds are represented as RGs, these can highlight
key interactions that are important ithe drug binding process and can bring multiple Markush
structure cores into a single representation. Another potential benefit of using an RG core as a
scaffold is that it can allow the chemist to comprehend areas of chemical space that have been either
over or underexplored. The degree to which regions of chemical space have been explored can be
identified through the number of specific substructural groups represented by a particular node and

the number of examples of each.

3-Ph, -EtNH,, CO;H Cl - tolerated

CH,CO,H, CH,CO,E, 0Bn, CO,H - inactive

Imidazole - all inactive
H > F > OH > Cl > Me - Rapid
Drop off in activity
Br, OCF,, CN, OAlkyl, OBn,

/ Amidine - Inactive
HN
0 \ 5-6 Bis-diol, Cl —weakly
active

MeO - inactive

N-Alkylation, Heteroatom 6-7 Fused Pyridyl, 7-Aryl
substitution, N-aryl — all inactive  substitution, CO2H - inactive

Figure2-1: An example of how chemists explore different substituents on a core scaffold in lead optimisation

2.2 Methodology

Given a LO dataset, the aim is to organise the data into one or more RG SAR tables which can then
be visualisd. A RG SAR table is similar to the SAR table, however, all components of the table are
represented as RGs rather than as substructural fragments. Fig2rgh@ws an example of what

the approach is trying to achieve. This hypothetical LO series coobisislecules represented by

three different scaffolds, each of which has been explored in a similar way through different
substituents around the rings. Using RGs, the three separate scaffolds are combined to become one
RG core which is comprised of thr&G nodes. The nodes are defined based on the bonding
capabilities of the underlying substructures and whether the node is aromatic or aliphatic and are
labelled using different atom symbols outside of the commonly used set; Ga is an acyclic hydrogen
bond acceptor (HBA), Ce is an aliphatic hydrogen bond donor and acceptorf{BBPand No is an
aromatic inert node. More information on the definitions of RG nodes will be provided later in this

chapter.
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a) RG Scaffold R2
Cl - tolerated
R1 0Bn, CO,H - inactive

3-Ph, -EtNH,, CO,H H>F>0H > Cl > Me - Rapid
CH4CO,H, CH,CO,Et,

: N - Drop off in activity
Imidazole - all inactive I Br, OCFs, CN, OAlkyl, OBn,
\ Amidine - Inactive
R4
5-6 Bis-diol, Cl —weakly
active
MeO - inactive
R6

N-Alkylation, Heteroatom RS
substitution, N-aryl - all inactive 6-7 Fused Pyridyl, 7-Aryl
substitution, CO2H - inactive

b) Potential Chemical Graph Scaffolds

R1 R2 R1 ;2 ) R1 ;2 )
o J < °© N ° / N '\Rs

Figure2-2: An example of how an RG core can be used to represent three closely related scaffolds from a lead optimisation project.
Each RG node represents a different type of interaction and they have been coloured on the chemical graph according to the RG
nodetypes. a) A RG core, where Ga is an acyclic HBA @eds,an aliphatic HBBBA and No is an aromatic inert node. b) Chemical
graph scaffolds that are represented by the same set of nodes shown in the RG core. The colours used in the chemiaalgraph sh
how atoms map to the RG nodes.

The generation of RG cores for a dataget to ultimately visualise thenis comprisedf several
steps. The overall arkflow is shown in Figure-2 A more detailed workflow where each of the

steps has been expanded is shoin Figure 2.

RG Core
Extraction

Molecular

Descriptor Visualisation

Similarity Clustering

Dataset

Figure2-3: Optimised Workflow
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Figure2-4: Experimental workflow followed to optimise the overall workflow

Reduced
Graph

Chemical

To extract the RG cores froadataset the molecules must first be converted to RGs. From here, the
relationships between the different RGs are investigated and one or more RG cores that are common
to several molecules are obtained. The molecules can then be mapped to their respecawsith

any additional components represented through R groups, also represented as RG nodes rather than
substructures. The extraction of the RG cores is the penultimate step before visualising the RG SAR

tables. The final stepin constructing theisualisation toolare described in the nexthree chapter.

Investigations were performed to find the best way of implementing each step to analyse and
visualise the data in an optimum way. The use of a clustering step before extracting the RG cores
was invetigated to determine if the prior organisation of molecules can achieve a better mapping
of molecules to RG cores. The clustering step aims to group compounds so that the chemical
relationships are easier to establish. Clustering requires a similarityadestnich in turn is based

on molecular descriptors and different ways of calculating these are investigated. All of these stages

are discussed in greater detail below.

2.2.1 Datasets

The workflow has been developed using nine different datasets. Four pualialiable datasets

were used initially, three of which have been extracted from ChEMBL23 (Gaulton et al., 2012). The
three datasets are a P2x7 receptor dataset (ChEMBL4805), a subset of the P2x7 dataset consisting
of compounds reported by GSK, and a neunimkreceptor dataset (ChEMBL249). A fourth dataset

was included from a Bajorath et al. paper on LO (Vogt, Yonchev, & Bajorath, 2018). A further five

datasets were also used in order to compare the methods developed here with a related approach
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called ChenireeMap (Lu & Carlson, 2016). The five datasets were extracted from BindingDB,
ChemBank and ChEMBL20 and consist of: egependant kinase 2 (CDK2); checkpoint kinase 1
0/ KIMOT OeiG2O0KNRYS tnpn o!n o/ @&it20T SOfo2dolyi yoIdp

datasets are analysed in this chapter and subsequent chapters.

A cleaning process was applied to all the datasets. The cleaning process involved removing duplicate
molecules, removing molecules that RDKit could not read, and filtering oatcmelks that contained
more than 50 heavy atoms. These were too complex to process and led to high computational costs.

Table 21 shows the number of molecules in the datasets after cleaning.

Table2-1: The datasets and the number of molecules contained in each

Name of Dataset Number of Molecules

Bajorath 2549
CDK2 1368
Chk1l 106

Cyto 6370
FactorXa 1956
Neurokinin 2475
P2x7 2259
P2x7 Subset 691
Loy h 3644

A further preprocessing step was carried out. Datasets Bajorath, P2x7 and P2x7 subset were
manually clustered to provide a benchmark for evaluating the clustering methods. Manual clustering
is a subjective process as different chemists magtetlcompounds in different ways. Therefore, all
manual clustering was done by the same chemist (i.e. the author of this thesis). The manual
clustering examined the molecules within a dataset to find related molecules. Both the chemical
graphs and the redeed graphs were considered. The primary consideration was that molecules
should have similar chemical scaffolds, where similarity was determined according to binding
potential based on the RG node definitions. An example is shown in Figourell2e colourd
substructures show the basis for the clustering; they are the same or vary slightly while retaining
similar binding potentials. In Cluster 1, the molecules all have a benzene ring connected to a carbon
atom then an amide group that links to an aliphatity with hydrogen bond acceptor potential and

with a carbonyl substituent. When a molecule was closely related to two clusters, it was assigned to

the cluster that it is more closely associated with.
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Figure2-5: A subset of the P2x7 subset dataset which illustrates the manual clustering. The highlighted substructures show the basis
for the clustering with the different colours indicating different clusters. Substructures of the same colour are sirhikimaér
binding features.

2.2.2 Reduced Graph Generation
Reduced graphs are fundamental to the approach. They are used to represent the molecules and

then to group them according to common RG cores.

To generate the RGs, a program was implemented using pydmnodnRDKit. This is based on a
published implementation, which has not been publically released (Barker et al., 2003; Gardiner,
Gillet, Willett, & Cosgrove, 2007; Gillet et al., 1991, 1987). Users can set their own definitions of a
hydrogen bond acceptorHBA) and a hydrogen bond donor (HBD) in both implementations.
However, the new implementation allows more flexible definitions of the resulting RG via several
different parameters that can be set depending on the interests of the chemist. Therefore chwere

be many different variations of the RG for one molecule.
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Figure2-6: RG generation workflow alongside an example

Figure 26 indicates the workflow undertaken to generate a RG from a molecule. ThedeGnitmally
identifies functional groups that are: HBD; HBA, or both hydrogen bond donor and accepter (HBD
HBA), with the definitions being read in from an input file. The definitions are in SMILES Arbitrary
Target Specification (SMARTS) format (Daylimght). Acyclic functional groups are represented by
nodes with the appropriate label. Ring atoms are then identified and individual rings are labelled as
aromatic or aliphatic along with their hydrogen bonding characteristics:bmrding; HBA; HBD or

HBDHBA. The number of ring nodes is determined as the smallest set of smallest rings.

Linker groups are then identified: these are atoms that have not previously been defined as
belonging to nodes. By introducing linker nodes, all of the atoms within aculel@re incorporated

into nodes. Nodes that are adjoining and of the same type are combined together to form one node.
Additionally, HBD or HBA node next to a FHBA would also be collapsed together. An exception
to combining adjoining alike atoms areoats that are within a ring. Atoms are only combined with

atoms of the same ring, therefore, a fused ring would be two separate nodes not one.

The nodes are then connected via edges. A pair of nodes is connected by a single edge unless the
two nodes reprsent fused rings when they are connected by two edges. Three additional rules have
been explicitly written into the code. The first is the order in which the predefined nodes are
established and found. Initially, metals are found if the metal parametersed, more will be
detailed about this later in this section; then the defined atoms for HBD and then the defined HBA

atoms. The second is the handling of carbonyl groups; both the carbon and oxygen are considered
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as a single HBA node unless the carbamats within a ring when the oxygen is considered on its

own. Another example of an explicit rule is that if a halogen is next to a HBA group, it becomes a part

of that node. This rule means that, for example, acyl chlorides form a single Figdes 27.

0 HBA HBA
HBA
Identified ‘@rporate
Cl Cl

Figure2-7: Incorporating halogens into HBA nodes

The labels for the different node types are atomic symbols outside of the standard atom set included

in organic molecules, as shownTiable 22. The RGare then written as valid SMILES strings, albeit

with atom symbols that are not commonly seen in organic molecules. Each node is also annotated

with a SMARTS string that represents the corresponding substructure, with the attachment points

being labelledas a wild atom. For example, a phenyl ring will be represented by a node labelled as

No and annotated by clcccccl. Within this implementation, only HBA and HBD definitions were

used, along with metal definitions when the metal parameter was used.

Table2-2: A table showing the reduced graph node definitions

Node Definition SMILES code
Acyclic inert Li
Acyclic HBA Ga
Acyclic HBD Gd

Acyclic HBIHBA Ge

Aromatic inert No

Aromatic HBA Na
Aromatic HBD Nd
Aromatic HBBHBA Ne
Aliphatic inert Co
Aliphatic HBA Ca
Aliphatic HBD Cd
Aliphatic HBEHBA Ce
Metal Au
Complex Hg

The default RG is illustrated in Tabl3 2or several simple chemical graphs. The default RG is the

simplest form used here. The node ggconsist of aliphatic ring nodes, aromatic ring nodes, acyclic

nodes and linker nodes and terminal carbon atoms are recursively removed, so no terminal linker
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nodes are generated. All nodes except linkers are labelled as either inert (no hydrogen bonding

characteristics), HBA, HBD or HBBD.

The first four examples in Table3Zonsistof just one node. In the first molecule, just the oxygen
atom is identified (as hydrogens are not included directly within the default reduced graph) and is
assigned as @e node, as it is both a hydrogen bond acceptor and a donor. For the second molecule,
just the carbonyl is identified. The two carbons that are on either side of the carbonyl are terminal
carbon atoms and, as above, are recursively removed. For the trotdcale, both of the oxygen
atoms are assigned to a single node as they are adjacent. The fourth molecule is a benzene ring anc
all of the atoms are notbonding aromatic atoms. These are all part of the same ring and they are
therefore combined into one rae. The fifth molecule is an example of a fused ring that results in
two nodes connected by a double bond. The ring on the left is all carbon and, therefore, represented
as an Aromatic inert node, No. The ring on the right contains two nitrogen atomsautidtydrogen

bond acceptors, and becomes an Aromatic HBA ring node, Na. The final molecule consists of an
Aromatic inert ring node (No) that is connected to an Acyclic-HBB node (Ge) representing the

amine group and an Acyclic inert node (Li) whichespnts the Chlorine atom.

The implementation allows the different types of RGs to be created through use of parameters. This
is because different features are known to be important for different biological targets. The

parameters consist of four differeypes which can be set independently as on or off:

Terminal carbon chain

O«

O«

Complex
Double bond
Metal

O«

O«
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Table2-3: Table showing simple chemical graphs and reduced graphs

Reduced Graphs

Chemical Graph
Default
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Original Molecule
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Figure2-8: Example of the various user parameters and how they can affect the RG definitions
Figure 28 and Figure 29 show several larger molecules to illustrate how the RGs vary when different
parameters are used-igure 28 demonstrates theeffect of the first three parameters. The default
setting is that none of the four parameters are set. The fused ring Wiigure 28 results in two Co
nodes connected by a double bond. When the terminal carbon chain parameter is set, terminal
carbon chas are identified as linker nodesSigure 28 (b). This results in four linker nodes: two are
connected to one of the Co nodes; one is connected to both of the Co nodes; and a fourth Li node is

attached to the Aromatic inert node, No. In the latter cadee four carbon atoms, trimethyl, are
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combined into a single Li node. Terminal linker nodes could be of interest to a chemist as they might
indicate nodes that play some role in forming hydrophobic interactions between the potential drug
andthereceptort KS 402 YLX SE¢ LI NI} YSGSNI RSTAYySa KSGSNI
identified as nodes, note that this does not include straigh&in carbon groups. Therefore,
branched terminal carbon chains fall into this category, but single carbon atometddhe results

2F dzaAy3a GKS a 02 YLX S Eigure RI{cNIhE SolibfeNdndpasimedebretainS S v
the bonding between nodes so that an edge can be labelled as a single, double, or triple bond.
Allowing the bonding to be retained also allevany resonance occurring in the molecule to be

retained, as demonstrated iRigure 28 (d).

Cl ///I,, . \\\\ NH 3

Pt
a? \NHg,

Cisplatin

Default Parameters: Ge

Li
Metal Parameter: \ _—Ge

Au
Li—
Ge

Figure2-9: Example of the metal parameters being used on cisplatin
Finally, as shown frigure 29, the metalparameter defines all metal atoms as individual metal nodes.
Metals atoms are particularly important for biometallic drugs, such as cisplatin, which is a common
chemotherapy drug used to target specific cancers. When the default RG settings are usek just
node is found for the molecule iRigure 29: an acyclic HBABD node, Ge. This is because the NH
functional groups are classified as acyclic hydrogen bond donor and acceptor groups. The platinum
is defined as a hydrogen bond acceptor due to the hgdrobond acceptor definition used. As these
atoms are connected they are combined into a single node with all the properties; the chlorine atoms
are identified as terminal linker nodes which get removed. When the metal parameter is set, the

platinum atom & identified as a metal node, and all of the atoms form separate nodes.

2.2.3 Molecular Descriptors
C2dzNJ RAFFSNBYU RSAONALIIZNBE 6SNB dzaSR FT2NJ KS
Morgan radius 2 fingerprint (M2FP), the reduced graph (B@) a reduced graph fingerprint (RGFP),

respectively. The M2FP and CG descriptors are based on the origia@nalstructures and allow
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similarity to be calculated using a fingerprint and a maximum common subgraph (MCS) approach,
respectively. The cheical graphs were then converted to reduced graphs which can be compared

at the graph level or as fingerprint representations.

The Morgan radius 2 fingerprint, which is equivalent to an extended connectivity fingerprint (ECFP4),
was generated in RDKit beting a radius of 2 and a bit length of 2048. The chemical graph
descriptor was created by entering the molecule as a SMILES representation into an RDKit molecule
202S00 O0GWBX¥NIDY MEKBY2AYF2NXIFGAOQC&AZE HAMyOLd ¢KS
described above. The RGFP was generated in RDKit by passing the RG SMILES representation into
RDKit and calculating the M2FP for it.

2.2.4 Similarity

Calculation of pairwise similarity is used for both the clustering and the RG core extraction steps. The
simiarity matrices for the two fingerprint representations (generated from the CG and the RG
respectively) are calculated using the Tanimoto coefficient. Calculating a similarity matrix in this

manner is a rapid and computationally cheap calculation.

Pairwie similarities for the CGs and the RGs are calculated based on the MCS, which is more
computationally expensive than calculating similarity based on fingerprints. There are two different
types of MCS: a disconnected MCS (dMCS), and a connected MCS &MG8&)n in Figure-20.

The parts highlighted in red are the atoms and bonds that are involved in the MCS. Fifiae 2
shows the connected cMCS. Figuré(b shows the disconnected dMCS. The dMCS is made up of
two components which are shown by the blweavy line and labelled (i) and (ii). Both the
disconnected and connected versions were calculated for both the chemical graphs and the reduced
graphs. It was thought that the disconnected version might provide useful information that might be
missed usinghe connected version. dMCSs tend to be larger and can detect similarities between
molecules where there is a segment in the middle that differs or where they have large common

substructures connected via different atoms, as shown in Figur@. 2
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a) b)

Figure2-10: Example of a connected (a) and a disconnected (b) MCS
¢KS a/{ gFa OFfOdzZ  GSR dza Ay 3 -{weSdyNAIN &/ KASYYLA ASYYFS
2018). The MCS algorithm is configured to compare thges (bonds) as well as the nodes (atoms)

so that, for example, a benzene ring does not match a cyclohexane ring. The MCS algorithm in RDKi
is currently only able to find the cMCS. Therefore, an iterative process was implemented that
identified the initid MCS and then removed the atoms in the MCS from each molecule. The process
was then repeated until no further MCSs could be found. The MCSs found in each iteration were
then combined to form a dMCS. The dMCS process is demonstrated in Fifure/Rere he largest

MCS is located in the first step, highlighted in red. The atoms contained in this MCS are then deleted,
generating two fragments. The next largest MCS is found and deleted and so on until it is no longer
possible to find an MCS. As the fragmegtt smaller then so does the MCS, and very small
substructures are not likely to be of interest as the molecule becomes so disjointed that it begins to
lose its chemical meaning. However, it was not possible to prevent this occurring in the RDKit
implemertation. Since this work was undertaken, there is now an implementation in ChemAxon
(ChemAxon, 2020) where, potentially, a threshold could have been introduced to ignore MCSs that

have a smaller number of atoms than the threshold, however, this was noemgited here.
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Figure2-11: Example of the iterative process in generating the dMCS
The RG MCS works in the same way. The only difference is that the RDKit algorithm has been
adjusted to allow for the smadt size of the RGs. The adjustment allows for an MCS to be just one
node. This is because a node in this instance typically represents more than one atom in the chemical
graph. A potential limitation of this approach is that the methodology could recogwseRGs as
sharing one node in common, even when that node is not likely to be significant, for example, it
could be a linker group which represents just a single carbon a@mee this work was undertaken

RDKit now allow one atom to be the MCS.

Once theMCS has been found, the similarity is calculated using the grapant of the Tanimoto
coefficient (Maggiora & Shanmugasundaram, 2004).
o 2L @
O 0 UVOoYY
Where A is the number of atoms (or nodes for the RG) in the first molecule, B is the number of atoms

(or nodes) in the second molecule and MCS is the number of atoms (or nodes) in the MCS.

The disadvantage of the chemigaaphs over the RG is that the MCS is a lot more computationally

expensive to calculate due to the larger, more complex graphs.

2.2.5 Clustering
The similarity matrices are used as the inputs to three different clustering algoriBumisa (sphere
excluse Yy 0O | 33t 2YSNI G-meass. Thesd WeRe Ondplerfientédyisting Hgorithms in
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main methods applied to chemical datasets and include both hierarchical andhiamarchical

approaches.

Different parameters were investigated for each method. For the agglomerative andalis
methodologies, the number of clusters is uskafined. In agglomerative clustering, the number of
clusters to be output has to be specified due to the hierarchical nature. fhoedfs clustering, the
number of clusters (K) is defined upfront. For both of these methods, the number of clusters was
varied between2 and 150. For the Butina methodology, the number of clusters depends on the
similarity threshold used. For the experiments in this chapter, the similarity threshold was varied

between 0.1 and 0.9, in increments of 0.1.

Every combination of the moleculdescriptors and clustering algorithms was investigated for each
dataset for the different numbers of clusters or similarity thresholds. The resulting clusters were

analysed to identify the most appropriate combination for each dataset.

2.2.6 Clustering ValiditAnalysis
Finding the most appropriate clustering technique is not trivial. After generating the clusters for each

algorithm and level, various cluster validity scores were calculated provided that the condition in
Equation 22 was met. Equation-2 is designed to prevent clusters from being too small and avoiding
the situation of more singletons than clusters. Furthermore, clustering validity scores were not

calculated if there was only one cluster, which sometimes occurred for the Butina clustering.

7 AV ” 0B E aQno
£ 06 GTE O 000 & GO 0t "0l Q6L+ (22
There are three types of clustering validity statistics: internal, external and relative. Those

predominately studied in this chaptare internal and external cluster indexes.

Two external indexes were used to evaluate how close each algorithmically determined clustering is
to the manual clustering. These are cluster purity asmdeasure; these have been defined in Chapter

1. Each cluster in the manually clustered dataset is assigned a label. Each labelled cluster is
compared with the computationally assigned clusters and the cluster with the largest number of
matching molecules is assigned the same labke indexes are then calculated, to quantify the
differences between the manual clusters and the computed clusters. Cluster purity calculates the

percentage of correctly classified molecules, whereas theeasure is based on a combination of
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the homogendly and completeness of the clusters. Homogeneity measures to what extent each
cluster only contains members from a single manual cluster, and completeness measures the extent
to which all molecules in a single manual cluster are assigned to the same .clisteadvantage of

the external indexes is that they are based on how molecules are placed within clusters and not on

the similarity values.

Indexes that do not use any prior knowledge were also be examined, as this is how the methods
would be used in @ctice. Six internal indexes were used to see whether the same conclusion could
be drawn from the internal indexes as from the external indexes. The internal indexes are based on
the underlying similarity values. Since these values are not directly colvipaaaross different
descriptors, the internal cluster indexes cannot be compared across the different descriptors. The
internal indexes that were used are: BHIl index; Calinski Harabasz; DaBeslldin; Dunn; Kelley;

and silhouette average. These lesheen defined in Chaptet.

2.2.7 Reduced Graph Core Extraction
Once a dataset had been clustered, each cluster was then processed in turn to generate one or more
RG core from the RGs within a cluster. The RG subgraph thatasmsmhin most, if not all, molecules

within a cluster is extracted and becomes known as the core.

The construction of the RG cores follows an existing method by Gardiner et al. (Gardiner et al., 2007)
and is based on calculating MCSs between the RGseFtg 2 shows a flowchart of the algorithm.

The steps are as follows:

1) Generate the RGs for each of the molecules within the cluster.

2) Calculate the pairwise similarity between all RGs in the cluster. The molecule with the most
neighbours above a uselefined similarity cut off is identified as the centroid.

3) CAYR (UKS Y2ald RAaGlIYy(d ySAIKo2dzZNI gAGKAY (KS
between these two RGs. This MCS is then set as the current representative (curr_rep_MCS)
for a core MCS.

4) For all aher RGs in the cluster,

a) Compare the current representative with the RG.
b) If the current representative is contained within the RG, then the RG is noted as being

associated with this representative.
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c) If the current representative is not contained within tiRG, then a new MCS is found
between the RG and the current representative. This new MCS must also meet specific
requirements: it must be equal to or larger than the minimum number of wukfned
nodes, and it must be a subgraph of the current represengat

i.  If this MCS passes these requirements, it is set as the new current representative
MCS, and the search continues from the current point within the dataset.
ii. If the MCS does not pass these requirements, then the current representative
remains and theearch continues.
5) Once all of the RGs within the cluster have been searched, the current representative MCS
becomes a core RG.
6) Check whether all the RGs within the dataset are associated with a core within the core list.
a) If all molecules are associated wilcore the process stops.

b) If not, then the process is repeated on the remaining RGs.

Do a pairwise MCS of molecules to find the cluster
centroid (the one that has the most neighbours
above a predefined cut off similarity) and the most

Temporarily remove

represented RG’s
from dataset

distant RG within this cut off

MCS of centroid and most distant is the
curr_rep_MCS

Add curr_rep_MCS to core
list

Iterate through whole cluster of RG

to see if the MCS applies

Are all RGs represented
Find new MCS

by a core within the core
list?

Does the MCS meet Complete

the requirements?

Represented ‘YGS
curr_rep_MCS = new MCS

No

4

Not represented

Figure2-12: Flowchart of establishing the RG core

Figure 213 and Figure 24 both show implementation examples of thigrkflow. Figure 213

demonstrates a straightforward example. All instances are neighbours of one another within the
defined similarity threshold and, therefore, the first molecule is identified as the centroid. The
furthest neighbour is then determinedhe MCS between these two molecules is extracted and, as

it meets the minimum core size requirement of four, the process continues. This MCS is found in the
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rest of the molecules within the cluster, and the process completes with one core MCS identified.

This is a simple example as all molecules contain the initial MCS.

Example 1

Requirements:
Minimum Similarity: 0.5
Minimum Number of Nodes: 4

Cluster

Ge No Ga Ge No
Ca Li Ga Ca Li
Ga Ge No
Ca Li Li
Centroid Furthest Neighbour

Ge No

Cores |dentified: M

Figure2-13: First example of the RG core extraction methodology

Figure 214 shows a more complex example when the original MCS is neemtrevithin all the
molecules. This is the same dataset as in Figui8,2but it is based on a different similarity
threshold. As the minimum similarity has increased the number of neighbours is no longer the same

for all of the molecules. Three of the hecules now have three neighbours, including the first
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molecule. The first molecule is chosen as the centroid, as in the previous example. However, a
different molecule is now identified as the furthest neighbour and, therefore, a different initial MCS
isconstructed. The candidate MCS is then tested on all the molecules within the dataset to analyse
whether it is present, as previously. The first molecule contains the MCS, however, the second
molecule does not. Therefore, as shown in the workflow, a nemdidate MCS is determined by
comparing the current MCS with the RG that does not match. A new valid MCS is found which
becomes the new representative MCS. The iteration continues using the new MCS, which is found
in the remaining molecules. The same R@as identified in both Figure-23 and Figure-24 but

the data is processed in different ways. However, this is not always the case when the threshold is

varied.
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Example 2 Requirements:

Minimum Similarity: 0.7
Minimum Number of Nodes: 4

Cluster

Ga Ge Neo

Computed MCS:

Ga Ge No
Ca Li Meet requirements? \/

Iterate through the rest of the dataset

M x New Potential MCS M

Meet requirements? \/
Becomes new MCS

Cores Identified: eeor@

Figure2-14: Second example of the RG@re extraction methodology
2.2.7.1 Reexamining RG Cores
Following the identification of RG cores for each cluster, a second pass through the data is made
since some molecules have the potential to map to multiple RG cores. Each molecule is compared
to each RG cerand is associated with each RG core that it contains so the number of molecules that
map to the RG core can increafiesome instances, the RG core could have been initially generated
from a single RGdue to the reexamination step itan now be repgsented by multiple RGs and

ultimately molecules, Figure25. RG cores can also represent molecules across several clusters.
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Reduced Graphs
Cluster 1

. Cluster 2

o©

[}

i

Ge No i
Li Li k
[}

|

I

[}

]

[}

Ge Ga Ge No
Ca Li

RG Cores Extracted

Initial Number of RG
Mapped to: 5

Initial Number of RG
Mapped to: 2

RG Cores Extracted with Re-examination Step

0%®

Mumber of RG Mapped to: 5 Mumber of RG Mapped to: 4

Figure2-15: An example of how the number of mapped molecules to a RG coreacgn v

2.2.7.2 Processing the Dataset as a Single Cluster
The RG core workflow was also applied to each dataset with the data considered as a single cluster.

This was to see if there was any advantage in clustering the datasets or whether this step could be
avoidedto lower computational costs. Multiple cores were expected as the variation of the RGs will

be greater than when considering a subset that has beercfustered.

2.3 Results and Discussion
An analysis of descriptors and clustering methods showed th&M&nd agglomerative clustering

3 @S GKS 060Sad LISNF2NXNIFyOS O2YLI NBR G2 | avYly
studies. However, there was variation withthe dataset and no universally best method could be

identified. RG cores were then agcted from these clusters.

2.3.1 Reduced Graphs
The number of unique RGs for each dataset can be seen in Fdblesihg the default RG type. Table

2-4 also displays the average size of the molecules and the average size of the RGs. The average siz
are rounced to the nearest whole number. TabledZlemonstrates that by using the RG descriptor,

the number of unique representations is reduced and therefore, the representation of the chemical
space is more condensed. Also, the reduction in the complexity alfeéleriptors can be recognised

by the decrease in the average sizes of the RGs compared to the molecules. Some datasets undergc
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more compression than others. For example, the Neurokinin dataset contains fewer molecules than
the Bajorath dataset, however, ¢hBajorath dataset contains fewer RGs. The different degrees of
data compression reflect differences in the variation in molecular structures in the dataset. The more

variation in the dataset the less compression will be seen using the RGs.

Table2-4: Table showing the number of RG generated for each dataset

Name of Number of | Average Size¢ Number of Unique| Average Size o
Dataset Molecules of Molecule RG (default) RG (default)
Bajorath 2549 34 920 10
CDK2 1368 28 824 8
Chk1 106 30 91 8
Cyto 6370 37 3762 8
FactorXa 1956 36 883 10
Neurokinin 2475 31 1451 9
P2x7 2259 29 822 9
P2x7 Subset 691 25 162 9
Loy h 3644 30 1902 8

All the different types of RG were generated by using all combinations of parameters to identify
whether there are substantial differences in the RGs. TalflsRows the number of unique RGs and

the average size of the RGs for thdfatent types of RG for the p2x7 Subset dataset and
demonstrates that the number of RGs varies depending on the parameters set. Tallla2rates

that as the definition of the RG becomes more complex the number of unique reduced graphs
increases and soe RGs that previously were the same are no longer the same. There is also an
increase in the average size of the RG, as most of the parameters lead to additional nodes. For this
dataset, adding the metal parameter does not affect the RG as no metalsesenp. However, all

the other parameters define the RG differently and none of the other variants produce exactly the
same RGs. The impact this variation has is explored later in the chapter. The results for the other
datasets are in the Appendix, wherpat from two datasets, Cyto and Neurokinin, the rest of the
datasets follow the same pattern. For the Cyto and Neurokinin datasets, there are also slight
variations when using the metal parameter. As the metal parameter is not useful for most datasets,

it is not used in any the following experiments.

68



Table2-5: A comparison of the effect of the different RG parameters on the number of RG for the P2x7 subset dataset

Average Size dRG (rounded

Parameter Number of Unique RG to the nearest whole number)

Default 162 9

Terminal 163 10

Complex 220 10

Double Bond 162 9

Metal 162 9

Terminal and Complex 222 10

Terminal and Double Bond 163 10

Terminal and Metal 163 10

Complex and Double Bond 220 10

Complex and/etal 220 10

Double Bond and Metal 162 9

Terminal, Complex and Doubl 299 10
Bond

Terminal, Complex and Metal 222 10

Terminal, Double Bond and 163 10
Metal

Complex, Double Bond and 220 10
Metal

Terminal, Complex, Double 299 10

Bond and Metal

2.3.2 Similaity
For each dataset, similarity matrices were calculated using both the CGs and the RGs and the

different similarity methods resulting in six matrices (chemical graph cMCS, dMCS and fingerprint;

reduced graph cMCS, dMCS and fingerprint).

A comparison ofhe data within the matrices was also carried out. FigwlsZhows density plots

of the pairwise similarity values for all the datasets. A few distinctive features can be seen across all
datasets. The RGFP peak is always shifted the most to the lod@f &me Tanimoto similarity scale,

which could indicate that the fingerprint might be too sparse to hold sufficient information for
effective clustering. The RGFP peak is then closely followed by the M2FP, RG cMCS and then CG cM
peaks. It is also evidéthat the density plots for the two dMCSs have significantly different shapes
from the rest. The different shapes could indicate that the dMCS methods will give more varied

results compared to the other methods that all have a much narrower range ofszalue

Table 26 shows the mean, median and mode of the different distributions for each method for each
dataset. This gives some indication of the level (density) of chemical space explored. When a dataset
has lower values, the molecules are more dissimitat, aherefore, more chemical space has been

explored. Large similarity values indicate that lots of the molecules are similar, so a denser area of
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chemical space has been searched. A good example of this is when the M2FP descriptors for P2x7
Subset and PZxare compared. The P2x7 subset is a compact subset of the P2x7 dataset as shown
by the mean, median and mode being higher for the P2x7 subset compared to the P2x7 dataset.
Additionally, the relative values of the mean and median indicate the distribaticghe molecules.

If the mean is greater than the median, then this is a right positive skew, which means that there are
some highvalue similarity outliers. Whereas, when the median is greater than the mean, there is a

left negative skew where there areme lowvalue similarity outliers.
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Figure2-16: Graphs showing the different density plots of the different similarity matrices generated for the all the dataset a)
Bajorath b) CDK2 c) Chk1 d) Cyto e)dfda f) Neurokinin g) P2x7 h) P2x7 Subset i) p38a
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Table2-6: Table showing the mean, median and mode of the similarity distribution for each of the molecular descriptors for each

dataset

72

Dataset Molecular Overall Average Overall Mode Overall Median
e De<riptor Pairwise Similarity| Pairwise Similarity| Pairwise Similarity
M2FP 0.154 0.125 0.129
RGFP 0.101 0.100 0.085
Bajorath RG Connected 0.165 0.125 0.133
RG Disconnecte( 0.432 0.500 0.417
CG Connected 0.194 0.143 0.160
CG Disconnecte( 0.523 0.500 0.512
M2FP 0.128 0.100 0.111
RGFP 0.082 0.000 0.074
CDK2 RG Connected 0.157 0.143 0.143
RG Disconnecte( 0.362 0.333 0.357
CG Connected 0.214 0.167 0.191
CG Disconnecteq 0.489 0.500 0.484
M2FP 0.235 0.167 0.161
RGFP 0.145 0.083 0.105
Chk1 RG Connected 0.259 0.143 0.182
RG Disconnecte( 0.444 0.500 0.417
CG Connected 0.324 0.200 0.238
CG Disconnecteq 0.570 0.500 0.556
M2FP 0.168 0.143 0.145
RGFP 0.111 0.100 0.098
FactorXa RG Connected 0.178 0.118 0.150
RG Disconnecte( 0.472 0.500 0.462
CG Connected 0.204 0.167 0.173
CG Disconnecte( 0.541 0.500 0.540
M2FP 0.114 0.111 0.104
Cyto RGFP 0.074 0.000 0.067
RG Connected 0.149 0.167 0.133
RG Disconnecte( 0.333 0.333 0.333
M2FP 0.139 0.125 0.125
RGFP 0.087 0.000 0.075
Neurokinin RG Connected 0.166 0.167 0.143
RG Disconnecte( 0.383 0.500 0.375
CG Connected 0.228 0.250 0.206
CG Disconnecte( 0.457 0.500 0.463
M2FP 0.171 0.143 0.148
RGFP 0.095 0.000 0.080
P2x7 RG Connected 0.190 0.143 0.167
RG Disconnecte( 0.412 0.500 0.400
CG Connected 0.270 0.200 0.229
CG Disconnecte( 0.489 0.500 0.481
M2FP 0.267 0.167 0.228
P2x7 RGFP 0.169 0.125 0.133
Subset RG Connected 0.352 0.214 0.286
RG Disconnecte( 0.553 0.500 0.545
CGConnected 0.448 0.333 0.405




CG Disconnecte( 0.588 0.500 0.576

M2FP 0.140 0.125 0.127

RGFP 0.098 0.000 0.091

t oy h| RG Connected 0.174 0.143 0.154
RG Disconnecte( 0.424 0.500 0.417

CG Connected 0.217 0.167 0.182

CG Disconnecte( 0.525 0.500 0.524
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Figure2-17: Density plot of the different RG types for the P2x7 Subset dataset using RG cMCS

The effect of the different variations of the RG was also examined. Figli® displays the
distribution of similarity values for the various RG types for the P2x7 subsetlDtree distributions
all follow the same shape, but there is some slight variation as they have slightly different peak shifts,
although these differences are not as large as between the different molecular descriptors. However,

even these subtle diffences in similarity are likely to lead to different clustering results.

2.3.3 Clustering
Clustering was carried out to provide a first level of grouping of the molecules within a dataset as it

was felt that considering each cluster in turn would lead to mofeaive extraction of RG cores
compared to extracting them from all the molecules within a dataset in a single pass. The
experiments in this section aimed to identify the optimum clustering method. All possible
combinations of molecular descriptors, simitpg methods, and clustering algorithms were

investigated for all the datasets. All of the RG types were also explored to examine the effect of these
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variations on the clustering results. For three of the datasets, the computer generated clusters were
compared with the manual clustering. For the other six datasets, the internal indices only were
considered. The first section below examines the impact of the RG types and the second explores

the effect of the other molecular descriptors.

2.3.3.1 Altering the different RG parameters
The RG variants were explored to see the effect on the clustering results. The different clustering

algorithms were used alongside the RG MCS similarities, cMCS and dMCS-7Tside/2 the results

for each combination of RG parametersr fthe P2x7 subset dataset when clustered via

' 33t 2 YSNI { A@eans arid Butida @lgotittims, Yising RG cMCS as the similarity metric. For
the agglomerative and-kheans clustering, all numbers of clusters were considered from two te one
hundred and fity and for the Butina clustering, all values between 0.1 and 1 in intervals of 0.1 were
used. Table Z reports the number of clusters for which the silhouette average score was a
maximum for each method. For comparison, the ideal number of clusterstiremimanual clustering

was four. In all casedar the Butina methodthe optimum number of four clusters was found,
however, some variations are seen in the silhouette average values. The silhouette average scores
are similar for the agglomerative andnkeans clusters which are relatively evenly populated,
however, they are significantly different for the Butina clusters which are not. For example, using
the default RG parameters the agglomerative antéans clusters have 53, 44, 38 and 27 molecules

in eadh cluster, however, the Butina clusters have 157, four and one respectively. The column
KSIRSR abdzYoSNJ 2F a2t SOdzf Sa aAraLx | OSRé 3IAAPSa
manual clustering, that is, although the desired number of clusters wasdfadine placement of
molecules within the clusters was not identical to the manual clustering. The number of molecules
misplaced for the agglomerative andnieans clusterings is either 16 or 17, which out of 691

molecules is a small percentage.

Table2-7: Table showing the P2x7 subset dataset clustering results for each of the different RG parameters based on the best
silhouette average, where the ideal clustering is 4 clusters. The number within the bramkets Butina method is the similarity
threshold that generated these results.

Number of Silhouette Number of
Parameter Clustering Algorithm
Clusters Selected Average Molecules Misplaced
Agglomerative 4 0.449 16
Default Butina 3(0.2) -0.079 438
K-means 4 0.450 17
Terminal Agglomerative 4 0.486 16
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Butina 4 (0.2) -0.153 434
K-means 4 0.487 17
Agglomerative 4 0.453 16
Complex Butina 10 (0.3) -0.255 541
K-means 4 0.453 17
Agglomerative 4 0.461 16
Double Bond Butina 3(0.2) -0.091 430
K-mears 4 0.461 16
Agglomerative 4 0.453 16
Terminal and
Butina 3(0.2) -0.059 514
Complex
K-means 4 0.453 17
Agglomerative 4 0.495 16
Terminal and
Butina 2(0.2) 0.003 440
Double Bond
K-means 4 0.495 16
Agglomerative 4 0.463 16
Complex and :
Butina 3(0.2) -0.125 478
Double Bond
K-means 4 0.463 16
Terminal, Agglomerative 4 0.464 16
Complex and Butina 2(0.2) -0.032 440
Double Bond K-means 4 0.464 16

All of the agglomerative clustering methods produced identical clusters, regardless of typdRG
used. This can b&een by the number of molecules misplaced fribra manual clustering being the
same value throughout Table 2 When inspecting the-Keans clusters, there are some minor
changes in cluster assignments, with one molecule movingeckidepending on the reduced graph
type, as shown in FigureIB. The Butina clustering does not give promising results as the silhouette

average is negative or very low and the number of misplaced molecules is very high.
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cl cl
CHEMBL2218645
RG default: RG complex:
RG terminal: RG terminal and complex:
I|_i (|Ba I|_i Hg (|33 Hg
No Ca No No Ca No
~ -~ PN
i Nea” ST he edl N Hg
RG double bond: RG terminal and double bond:
RG terminal and double bond: RG terminal, complex and double bond:
I|_i <|3|a I|_i Hg ﬁa Hg
No Ca No No Ca No
~ ~ N
Li/ \Ga \Li/ \Li Hg/ \Ga \Li Hg

Figure2-18: ChEMBL2218645 molecule varies in cluster assignment in P2x7 subset when varying the RG parameters. Where RGs
were created by different parameters.

Even though the agglomerative clusters are the same in all cases, they daavetidentical
silhouette average scores, and this is due to the differences in the similarity matrices generated from
the different types of RGs. This means that the silhouette average score cannot be used to directly
compare the clusters generated from eéhdifferent molecular descriptors, or even within the

different RG types, as they have different similarity matrices.

Table 28 shows the result with the highest silhouette average score for the different RGs and
clustering algorithms for all datasets. tBwa clustering consistently underperforms the other
clustering techniques for each of the RG types, indicated by the silhouette average scores always
being negative or very low and when compared to the manual clusterings the misplacement of

molecules is xtensive.

When considering all the datasets, greater variation was seen in the clusterings produced for the
different RGs and different clustering algorithms than was seen for the BibSetdataset. The
agglomerative clusterings show slight variatiorsoss the different RGs, however, the variation is
more pronounced for the #neans clusterings. Finally, the differences between the agglomerative
and kmeans methods are much larger than veeen for P2x8ubset Someof these variations are
caused by theresence of singletons for the agglomerative method, which are uncommon for the
K-means method. The dataset that shows the most variation across the different RGs and clustering
methods is the Neurokinin dataset. The overlap between the different clusverthis dataset is
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shown as a pairwise overlap heatmap in Figud®2The overlap indicates how many molecules are
contained within the same cluster across the methods that are being compared. This is calculated
using the cluster purity method choosinge of the clustering techniques as a reference. The lighter
the colour the higher the degree of similarity and overlap, the darker the colour the lower the degree
of similarity and overlap. Therefore, it can easily be seen that the Butina clustersfobfferthe
agglomerative and 4#heans clusters. The lightest colours are observed when comparing different
RG parameters for the same clustering method. The overlap between the agglomerative and k
means results is around fifty percent. These results showttiee is close alignment between the
differing RG parameters but there is variation between different clustering methods. Additionally,
these results indicate that the clusters from the Butina methodology vary more than the

agglomerative and#heans. Theesults for the other dtasets are within the Appendix.
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Table2-8: The number of clusters for the clustering with the largest silhouette average for each parameter and clustering algotiimaticonfor al datasets.
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Bajorath CDK2 Chkl Cyto FactorXa Neurokinin P2x7 toyh
Clustering
Parameter Algorithm Number Number Number Number Number Number Number Number
9 Silhouette Silhouette Silhouette Silhouette Silhouette Silhouette Silhouette Silhouette
of Average of Average of Average of Average of Average of Average of Average of Average
Clusters 9 Clusters 9 Clusters 9 Clusters 9 Clusters 9 Clusters 9 Clusters 9 Clusters 9
Agglomerative 30 0.474 146 0.330 3 0.363 135 0.123 92 0.378 145 0.218 119 0.357 149 0.252
Default Butina 4(0.1) -0.043 5(0.1) -0.059 2(0.1) -0.038 7(0.1) -0.074 2(0.1) 0.008 4(0.1) -0.044 3(0.1) -0.019 4(0.1) -0.057
K-means 28 0.457 107 0.293 3 0.363 102 0.101 119 0.310 136 0.183 41 0.288 150 0.228
Agglomerative 29 0.455 150 0.334 3 0.3 2 0.117 112 0.358 148 0.210 120 0.364 147 0.256
Terminal Butina 4(0.1) -0.025 3(0.1) -0.016 5(0.2) -0.191 9(0.1) -0.113 3(0.1) -0.038 4(0.1) -0.018 4(0.1) -0.073 4(0.1) -0.057
K-means 27 0.441 111 0.285 4 0.338 100 0.103 93 0.303 106 0.167 55 0.303 112 0.222
Agglomerative 29 0.458 150 0.334 3 0.333 2 0.112 113 0.356 144 0.210 103 0.354 150 0.253
Complex Butina 6(0.1) -0.086 3(0.1) -0.011 2(0.1) 0.041 6(0.1) -0.065 3(0.1) -0.045 6(0.1) -0.018 3(0.1) -0.017 5(0.1) -0.045
K-means 28 0.457 115 0.297 4 0.335 116 0.104 90 0.314 131 0.181 38 0.286 138 0.234
Agglomerative 30 0.476 149 0.329 3 0.363 150 0.124 103 0.378 149 0.205 123 0.356 141 0.262
D;(;J:clie Butina 5(0.1) -0.074 5(0.1) -0.076 5(0.2) -0.110 5(0.1) -0.063 3(0.1) -0.026 6(01) -0.015 2(0.1) -0.009 4(0.1) -0.058
K-means 28 0.458 107 0.286 3 0.363 83 0.104 76 0.310 145 0.181 47 0.293 130 0.225
Terminal Agglomerative 29 0.459 148 0.333 3 0.332 2 0.112 113 0.357 149 0.215 106 0.354 145 0.249
and
Complex .
Butina 6(0.1) -0.068 4(0.1) -0.050 2(0.1) -0.029 7(0.1) -0.102 4(0.1) -0.079 6(0.1) -0.047 4(0.1) -0.079 4(0.1) -0.067




K-means 30 0.448 125 0.287 4 0.335 85 0.103 76 0.311 113 0.178 40 0.291 150 0.237
Agglomerative 29 0.457 150 0.329 3 0.332 2 0.116 117 0.362 149 0.209 120 0.364 147 0.260
Terminal
and
D;::(;e Butina 6(0.1) -0.089 4(0.1) -0.017 2(0.1) 0.046 6(0.1) -0.077 3(0.1) -0.034 4(0.1) -0.019 3(0.1) -0.011 3(0.1) -0.023
K-means 29 0.451 104 0.274 4 0.338 98 0.105 87 0.313 126 0.168 39 0.295 144 0.210
Agglomerative 29 0.459 136 0.329 3 0.333 2 0.109 118 0.360 149 0.208 88 0.356 150 0.252
Complex
and
Double Butina 7(0.1) -0.105 4(0.1) -0.020 2(0.1) -0.036 6(0.1) -0.083 3(0.1) -0.029 7(0.1) -0.056 6 (0.1) -0.104 4(0.1) -0.040
Bond
K-means 29 0.451 127 0.280 4 0.400 90 0.103 76 0.309 147 0.184 37 0.287 150 0.229
Agglomerative 29 0.459 137 0.327 3 0.332 2 0.097 118 0.361 149 0.216 87 0.355 150 0.247
Terminal,
Complex
and
Double Butina 8(0.1) -0.094 4(0.1) -0.035 2(0.1) -0.036 7(0.1) -0.087 3(0.1) -0.033 4(0.1) -0.019 4(0.1) -0.039 3(0.1) -0.012
Bond
K-means 28 0.453 144 0.285 4 0.335 9 0.089 77 0.313 116 0.177 33 0.295 123 0.225
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Clustering Technique and Parameter
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Figure2-19: Neurokinin heatmap of the overlapebveen the clusters all of the different top results from the different parameters and

clustering techniques. The closer to one the more overlap

Given that in general the ideal clustering is not known, it would be desirable to have a method to

compare thedifferent clusterings that is independent of the values within the similarity matrices.

¢ 2

O2YLI NB K2g WYWgSttQ (GKS Of dzaidSNAy3

G SOKY A lj dz8

manual clusterings generated for the P2x7 subset, the P2x7 ari8iajoeath datasets. The P2x7 subset

has four manual clusters; the P2x7 dataset has -singy manual clusters; and the Bajorath dataset has

twenty-nine manual clusters. Two different external indexes were calculated: the purity-arehsure.

The resultsfor P2x7can be seen in Table@® which clearly shows variations in the purity and v

measures. The technique that has the highest purity andeasure score is the default RG with
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agglomerative clustering. The Butina clusterings consistently have very lagty pand vmeasure

scores. The results for the P2x7 subset and the Bajorath dataset can be found in the Appendix.

Table2-9: Table showing the comparison of the Purity anth¥asures for P2x7, the appropriatember of clusters is sixtyne

_ Number of _
Clustering Silhouette _
Parameter _ Clusters Purity | V-Measure
Algorithm Average
Extracted
Agglomerative 119 0.357 0.926 0.904
Default Butina 3(0.2) -0.019 0.127 0.017
K-means 41 0.288 0.836 0.863
Agglonerative 120 0.364 0.917 0.894
Terminal Butina 4(0.1) -0.073 0.127 0.009
K-means 55 0.303 0.885 0.869
Agglomerative 103 0.354 0.913 0.897
Complex Butina 3 (0.1) -0.017 0.132 0.036
K-means 38 0.286 0.842 0.869
Agglomerative 123 0.356 0.925 0.9
Double Bond Butina 2 (0.1) -0.009 0.123 0.010
K-means 47 0.293 0.856 0.870
_ Agglomerative 106 0.354 0.913 0.896
Terminal and :
Butina 4(0.1) -0.079 0.131 0.025
Complex
K-means 40 0.291 0.838 0.854
, Agglomerative 120 0.364 0.917 0.894
Terminal and
Butina 3(0.1 -0.011 0.143 0.040
Double Bond ©b : : '
K-means 39 0.295 0.849 0.866
Agglomerative 88 0.356 0.887 0.886
Complex and
Butina 6 (0.1 -0.104 0.130 0.027
Double Bond ©b : : '
K-means 37 0.287 0.830 0.859
Terminal, | Agdglomerative 87 0.355 0.887 0.886
Complex and Butina 4(0.1) -0.039 0.127 0.034
Double Bond
K-means 33 0.295 0.826 0.859
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Unfortunately, the maximum silhouette score does not always correspond to the maximum purity or v
measure score for any of the manually clustered dataset. Therefore, just tdiengghest silhouette
average is not possible. Although it is interesting to note that the purity antasure scores are
always higher for the agglomerative clusters compared to theedns clusters for the two larger

datasets (see Appendix).

The Butinaclustering was not considered further since it did not perform well for any of the RG types
for any of the datasets. When comparing the results of the agglomerative anédafs methods, the
agglomerative method results in more singletons, whereas, tineeEns clusters are generally larger

and have higher average cluster similarity. The agglomerative clusters are more variable in size.

The best RG types and clustering methods as measured using the largest Silhouette average, the larges
purity and vmeasues, and the smallest number of misplaced molecules for the hand clustered datasets
are presented in the Appendix. The RG types that repeatedly perform the best are the default RG and
the RG with terminal parameter. These two RG types consistently socefdeghest or are among the

top performers for each of the different indexes explored. As the default RG is the simplest this was

used hereon unless stated otherwise.

2.3.3.2 Altering the molecular descriptors

The clusters generated using the M2FP, RG, RGFP hemiical graph descriptions were then
investigated with the internal cluster indices calculated in all cases. Two exceptions are datasets Cyto
YR Lloyhd® ¢KS OFftOdZ dA2y 2F (GKS aAYAflNRGE

7 A

Additionally, theO I £ Odzf  GA2Yy 2F GK Of dZAaGSNJ AYyRSESa F2NJ
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P2x7 Subset Dataset M2FP Agglomerative

Silhouette Average Dunn Index
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Figure2-20: P2x7 subset results for the M2FP agglomerative data. The line's colour indicates whether the interest isgrafindi
maximum or minimum for this index, or the maximise difference i.e. the elbow point. Additionally, it also tells for soresindether
delta 1 or delta 2 was used in the calculations.

The internal clustering indexes were then calculated for aBitering levels. For example, Figur2@
displays all of the results frordto 150 clusters for the P2x7 subset data using the M2FP molecular
descriptor and agglomerative clustering algorithm. For the silhouette average, Dunn index and-Calinski
Harabaszndexes the clustering with the highest value was selected; for Kelley and Davies Bouldin
indexes the clustering with the lowest value was selected; and for theHadlindex the elbow point

was chosen. For the P2x7 Subset example, the optimum numbdusiers for some methods and
clustering indexes corresponds to the ideal (i.e., the number of clusters identified manually). However,
the obtained number of clusters did not conform to the ideal clustering for all the different descriptors

and clusteringndexes for this dataset.
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generated for each molecular descriptor and clustering algorithm. The number of clusters and cluster
index values are alsoqited in Figure 21. There is no consensus on the optimum number of clusters
across the indexes. It was thought that the indexes may converge and be in agreement with the ideal
number of clusters to give an overall consensus. Some are in agreement, hipwetvall of them are.

Also, no one index always agreed with the ideal number of clusters as determined by the manual

clusterings.
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Table2-10: P2x7 subset table of the results from the clustering validitiekes

Silhouette Dunndeltal | Dunndelta 2 | Davies Bouldin| Davies Bouldin Calinski BallHall _
[max] [max] [max] delta 1 [min] delta 2 [min] | Harabasz [max]| [elbow] Kelley [min)
Molecular | Clustering
Clusters | Value | Clusters| Value | Clustas | Value | Clusters| Value | Clusters| Value | Clusters| Value Clusters | Clusters| Value
Descriptor | Algorithm
M2EP Agglomerative| 4 0.265 4 0.534 3 1.080 | 149 2.734 149 1.333 4 467.883 11 8 300.732
K-means 3 0.514 3 0.514 3 1.080 | 145 3.472 149 1.540 19 491.380 9 55 159.252
RG (default)| Agglomerative| 4 0.449 2 0.615 6 1.182 63 2.915 63 1.099 6 276.257 6 4 76.477
cMCS K-means 4 0.450 2 0.615 7 1.166 60 2.934 56 1.128 5 277.675 6 27 40.291
RG (default)| Agglomerative| 55 | 0.390 9 0.183 1128 | 61 2.116 61 0.843 6 95.366 6 28 67.565
dMCS Kkemeans 64 0.421 29 0.249 2 1.094 64 2.371 64 1.142 4 139.921 6 14 43.716
RGFP | Agglomerative| 19 0.259 2 0.648 2 1.029 51 1.351 51 1.057 46 169.798 9 10 59.725
(default) Kmeans 15 0.264 23 0.627 17 1.009 54 1.563 51 1.222 55 337.835 8 6 51.708
Chemical | Agglomerative| 5 0.380 2 0.445 6 1.050 | 149 3.160 149 1.059 6 558.872 9 3 293.546
graph cMCS  kmeans 4 0.381 4 0.290 5 1.075 | 149 5.229 138 1.416 5 676.618 9 138 | 142219
Chemical | Agglomerative| 144 | 0.374 7 0.125 2 1.066 | 149 3.810 149 1.127 144 | 269.277 13 69 344.851
graph dMCS  kmeans 24 0.287 | 10 0.068 5 1.099 | 149 5.799 148 1.380 12 | 307.691 12 15 | 195.405
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Figure2-21: Graphs showing all the most appropriate results from all of the different combinatiom®lefcular descriptors and
clustering for the P2x7 subset dataset

The overlap between the resulting clusters was investigated to understand how the results from the

different combinations of molecular descriptors and clustering algorithm overlap. Therddkat

had the largest silhouette average were compared between methods. The closer to one the more

molecules were in the same cluster. A heatmap was generated to show the overlaps, Fun¢ 2

demonstrates that there tends to be considerable agresmbetween the agglomerative and K

means method for each molecular descriptor. It also indicates that there is not much agreement

between the connected MCS and FP similarity and the disconnected MCS. This suggests that the

disconnected MCS version is rtbe ideal methodology as it is an outlier amongst the similarity

methods explored. Additionally, there is some variation across different descriptors, which indicates

that the clustering method depends on the molecular descriptor of choice.
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Overlap Between Clusters for P2x7 Subset ”
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Figure2-22: Heatmap showing the overlap between clusters for each combination of molecular descriptor and clustering algorithm
used for P2x7 Subset dataset

As previously stated, the clustering validity indexes for thféegent representations cannot be
compared directly. Therefore, two external indexes were calculated for the clusterings that achieved
the highest silhouette score within each workflow. These were cluster purity anditineagure. The
clusterings that corained more clusters than the manual clusters had higher scores for the purity
scores. The higher scores are because purity calculates the misclassification rate per cluster and then
averages over all clusters: the extreme case, when all clusters aretsmglgives the maximum

value of 1. Thus, if many clusters consist of-slutsters of the ideal clusters, then a larger score is
generated as most of the molecules are similarly correlated to the original clusters. Conversely, the

v-measure score is imk with expected values, Tablel2.

Table2-11: P2x7 subset different molecular descriptors purity anteasures

Molecular Clustering | Number of | Silhouette _
Purity | V-measure
Descriptor Algorithm Clusters Score
Agglomerative 4 0.265 | 0.975| 0.937
M2FP
K-means 4 0.265 | 0.974 0.935
Agglomerative 4 0.449 | 0.977| 0.941
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RG (default)
K-means 4 0.450 | 0.975| 0.934

connected
RG (default) | Agglomerative 2 0.334 | 0.919| 0.487

disconnected
K-means 146 0.258 | 0.926| 0.468

Agglomerative

RGP (default) 19 0.259 | 0.983| 0.712
K-means 15 0.264 | 0.973| 0.707
Chemical graph | Agglomerative 5 0.380 | 0.858| 0.713
connected K-means 4 0381 |0857| 0.725
Chemical graph | Agglomerativel 144 0.374 | 0.968| 0.427
disconnected | k:means 24 0287 |0910| 0494

To summarise all the results, the two descriptors and clustering methods that yielded the best results

overall are the M2FP and RG connected MCS with agglomerative clustering, -I@blEh&se were

selected as they generate the highest scoredlie vmeasure. The M2FP molecular descriptor and
agglomerative clustering method are therefore used for the following steps as, overall, this

combination give the highest purity anehveasures and is quicker to calculate. The cluster with the

largest sthouette score is then used, as in general the purity ardeasure cannot always be

calculated as the known clustering is not always known. Results for the other datasets are in the

Appendix.

Table2-12: The bp two results for the hand clustered datasets for their purity arrdeasure scores

Top Results Second Top Result
Dataset - -
Clustering Molecular . Clustering Molecular .
Algorithm Descriptor Purity V-Measure Algorithm Descriptor Purity V-Measure
Bajorath | Agdomerative |  M2FP 0.994 0972 | Agglomerative| RC (defaU) 4 o9, 0.959
connected
p2x7 | Agglomerative| RC (defUID) goq 0.904 Kmeans | RO (defauly; gop 0.863
connected connected
P2x7 . RG (default) .
Subset Agglomerative connected 0.977 0.941 Agglomerative M2FP 0.975 0.937
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2.3.4 Reduced Graph Core Extraction
The RG cores were extracted for each cluster and also for the whole dataset. Both methods were

investigated to identify if there was an advantage to either methodology.

2.3.4.1 Extraction the RG Cores
When extracting theRG cores two settings have to be specified. These are the minimum core size,

that is, the minimum number of nodes a core can have, and a similarigftthat establishes the
number of neighbours in the first step of the algorithm when the initial MG&eintified. These two
settings were altered for the P2x7 Subset dataset to see the effect on the cores generated. The
minimum core size was varied from 2 to 7 and the similarity threshold was varied between 0.1 and
0.9. The four clusters generated usiM@FP and agglomerative clustering were used, and the cores

were found using the default RG parameters.

Table2-13: Table showing the number of cores extracted for the two different settings for P2x7 Sub82fF® agglomerative 4
clusters

Minimum Core Size

2 3 4 5 6 7

0.1 4 4 6 7 13 16
0.2 4 4 6 9 12 22

_ o3 4 4 6 8 13 22
2 04 4 4 6 9 11 16
S [ 05 4 4 6 8 13 16
Elos| 4 4 6 8 13 18
0.7 4 4 6 8 14 20
0.8 4 4 6 7 13 22
0.9 4 4 6 7 16 28

Table 213 shows the total number of RG cores extracted from all of the clusters for the P2x7 Subset
dataset for different values of the two variables. When the minimum core size was set to two or
three, the number of RG cores was four for all simiatiireshold values; the four cores were the
same in all cases; and one core was generated for each cluster. However, the number of cores
increases when the minimum core size is increased above 3. This was expected because when the
minimum core size is smait is likely that an MCS can be found that is common to a wide variety of
molecules, for example, a linker node and an aromatic hydrogen bond acceptor node. As the
minimum core size is increased, the number of molecules that share an MCS is likelyetmsdeso
therefore, more cores are extracted. Additionally, when the similarity threshold increases, the
number of neighbouring molecules decreases. Therefore, the initial MCSs are typically larger.

However, as the initial MCS is compared to all the maks in the cluster, it is typically reduced in
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size to represent more molecules. Thus, there is some variation in the number of RG cores extracted

for each combination of the settings.

In general, there is a need to balance the two settings. If bottirggt are too low, then the RG cores

will be small and generic and could be typical of many molecules and not specific to the molecules
within a dataset. Such RG cores are not likely to represent the structure activity relationships in the
data. However fithe settings are too large then the cores will be too specific and may only represent

a few molecules and could even represent one molecule only, i.e., a singleton. FRRish@ws an
example where the minimum core size is too large for the P2x7 Sudlasaset.In this case, the
algorithm fails to generate a core, as the initial MCS is smaller than the minimum size required. To
prevent a scenario where an initial MCS is not found, the method has been adapted so that an RG
core is always extracted forcuster. The adaption is if the furthest neighbour of the centroid does

not generate an appropriate MCS, then the next furthest neighbour is considered, and this is
repeated iteratively until an appropriate MCS is found. If an MCS is still not founcthisirtgrative
process, then the largest MCS that occurs most frequently is usedexample of how this
methodology operates is shown using examples from Figt8. Zhe first centroid is found, RG1,

the next step is to identify the furthest neighbourthin the minimum similarity threshold, RG3. The

MCS between RG1 and RG3 is then found and as this consists of three nodes and is lower than the
YAYAYdzy O2NB aAi Sz Al A& Lidzi Ayid2 + GNBaASNBSe

case, ths is RG6 which generates an MCS with five nodes.
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Figure2-23: An example of an MCS core that does not meet the requirements

The cores that are extracted can change dramatically for some clusters degemdiie settings.

Table 214 shows how the results can vary as the minimum core size is changed for a constant
similarity threshold of 0.5. Cluster two and three illustrate a wide range of variation in the generated
cores as the minimum core size increaswhereas clusters one and four give more consistent
results. The variation seen for clusters two and three is likely due to the smaller average size of the
RGs, which is eight nodes compared to nine nodes for clusters one and four, and the lower average

pairwise similarities. Minor variations were seen when the minimum similarity threshold was varied.
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Table2-14: RG cores that are extracted for each cluster. The value in brackets demonstrates how manyasdhésgore
represents, for M2FP agglomerative 4 clusters

Minimum Core
Size, Similarity Cluster 1 Cluster 2 Cluster 3 Cluster 4
Settings
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Figure2-24: A selection of molecules and their RGs and the extracted RG cores from cluster two, highlighted core in RG in red
Figure 224 illugrates four of the molecules and their RGs in cluster two and their initial assigned RG

core. Through the rexamination step, Section 2.2.7.1, after the RG core extraction process, the
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number of molecules associated with the RG cores changes. Thesimgidton found by molecule
a) increases as molecules b) and d) also contain the RG core [Na][Na]=[Ca][Ga][No], highlighted in

blue.

The higher values set for the minimum core size result in a large number of RG cores many of which
repreent a relativelysmall number ofmolecules Table 214). Therefore the lower values of 2 or 3

are preferred for this dataset. Additional datasets are considered below.

Table2-15: Table showing the number of cores extracted the two different settings for Bajorath for M2FP agglomerative 28
clusters

Minimum Core Size

2 3 4 5 6 7

0.1 28 28 29 39 60 88
0.2 28 28 29 39 60 88

o 0.3 28 28 29 39 59 88
£104 28 28 29 38 56 80
S [ 05 28 28 29 41 58 74
-(% 0.6 28 28 29 41 60 74
0.7 28 28 29 43 63 80
0.8 28 28 29 41 66 92
0.9 28 28 29 41 83 130

RG cores were extracted for the Bajorath dataset for different combinations of settings based on the
M2FP agglomerative clustering, which produced twesityht clustersThe numbers of RG cores are
shown in Table-45. As for the P2x7 subset there is little to no variation in the number of RG cores
extracted for the different similarity settings for low values of the minimum core size. When the
larger minimum core sizesaexplored, more variation is seen. However, some of the results were
unexpected as it was thought that as the similarity threshold increased the number of RG cores

would also increase, but this was not always the case.
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Table2-16 shows the RG cores thare extracted for a selection of settings. The results were the
same for minimum core sizes of two and three and so three is omitted. Only those clusters are shown
for which the RG cores vary with the different settings. The table shows how the RGaceres
extended as the minimum number of nodes increases. For cluster 1, when the minimum core size is
increased from four to five, the number of RG cores increases from one to two, and increases again
to four when the minimum core size is six. The valueBiwihe parentheses, (), are the numbers of
molecules from which the RG cores are generated, whereas, the values in the square brackets, [],
are the numbers of molecules mapped to the RG core when all molecules are mapped back to the
RG cores through theefexamination step. An asterisk, *, can be seen in cluster five, this indicates
that the RG core has been extracted from several clusters. There are twelve RG cores that have been
found in different clusters within the Bajorath dataset. Overall therdtle variation in the number

of RG cores or the nature of the RG cores for most of the clusters. It should be noted, however, that
the Bajorath dataset is a fabricated dataset that was formed to help to evaluate the progress in LO

datasets which likely grains this behaviour.
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Table2-16: RG cores that are extracted for each cluster from Bajorath dataset for M2FP agglomerative@¢gntylusters. The
value in parentheses demonstrates how many molestuhis core relates to initially, the value in the square brackets demonstrates
how many molecules relate to the core when the RG cores are mapped back onto the dataset and * indicates the cores that are
seen across different clusters.
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Results are showfor the Chkl dataset in TablelZ and demonstrate a similar pattern to the
previous two datasets: there is no difference in the results for the different similarity thresholds for
the two lowest minimum node values, however, variation is seen for ttggfaminimum core sizes.
When examining the larger datasets, the number of RG cores extracted varies for all values of the

minimum core size.
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Table2-17: Table showing the number of cores extracted altering tivo different settings for Chk1 from M2FP agglomerative 3
clusters

Minimum Core Size

2 3 4 5 6 7

0.1 3 4 6 12 16 18
0.2 3 4 6 10 14 21

_ |03 3 4 8 12 16 17
£ (04 3 4 8 12 16 20
.‘—g 05 3 4 9 15 21 23
=106 3 4 9 15 21 23
0.7 3 4 9 15 23 27
0.8 3 4 9 14 25 36
0.9 3 4 9 15 24 41

Table2-18shows the RG cores generated for each cluster for Chk1 for several settings. Working down
the table, when the minimum core size is 5 and similarity 0.5 the number of RG cores extracted
increasesdr all of the clusters. The RG cores that are extracted using a larger minimum core size

typically contain subgraphs of the RG cores extracted for the lower minimum core size.

96



Table2-18: RG coes that are extracted for each for the Chk1 dataset for M2FP agglomerative 3 clusters. The value in parentheses
demonstrates how many molecules this core relates to initially, the value in the square brackets demonstrates how marigsnolecu
relate to the ore when the RG cores are mapped back onto the dataset through terammination step
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Most of the datasets produce RGs with average size eight to ten when using the default RG and a
minimum core size of four, which is generally half the average sibe ®&Gs, and seems a good size

to use as there is an acceptable balance between the size of the RG cores and the number of cores
extracted. The average of the means of the RG connected similarity values is around 0.2 for all
datasets. The similarity threshd should be larger than the average similarity as the RG cores
attempt to encompass relationships that are similar throughout several molecules within a dataset
and not just most drugdike molecules in general. However, this is also a balance to beaalteo

large a similarity threshold would lead to RG cores that are too detailed whereas too small a value
will lead to RG cores that are too small and too generic. The values of 0.5 appears to achieve a

balance between specificity and generalisability.

2.4 Conclusions
This chapter describes the construction of a workflow to generate RG cores that show the

relationships between molecules in a lead optimisation dataBleé workflowconsistsof five steps

that have been explored within this chapter. Thestistep consists of cleaning the data and
generating four different representations: M2FP, RG, RGFP and chemical graph. The second step is
to create the corresponding similarity matrix depending on the type of representation. The third
step is to clustetthe datasets. From here, cores are extracted to establish a relationship of the
clusters within the dataset easily. The final step of visualising the RG cores is examined in a later

chapter.

It was concluded that the RGFP and chemical graph represengatimhnot produce the most
appropriate clusters and so will not be explored in furthemtkermore, it took considerablipnger

to compute the similarity matrix for the chemical graph. It is also important to note that if the
reduced graph representatiois used to create the similarity matrix, it should be created using the
connected MCS, as the disconnected MCS produces too sparse similarity matrices leading to

inappropriate clustering.

Although it was not possible to identify a single descriptor andgteting methods that was
consistently the best, the M2FP representation and agglomerative clustering were chosen for the

subsequent work as these gave good results in most cases.

RG cores were then extracted from the datasets to represent the moleculies. experimenting

with the different settings that are available for generating the RG core, the use of a minimum of
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four nodes and a minimum similarity of 0.5 is suggested to produce the best results. The two settings

could be changed depending on thendarity and size of the molecules and RGs within a dataset.

As an alternative to the clustering approach, it is possible to extract cores considering the full
dataset. This would avoid selection of a descriptor and clustering method with no a priori
information on which is most appropriate for a dataset. The methodsare compared ithe next
chapter. The subsequent chaptevsill look at howbest to visualise these RG cores to obtabetier
understanding and idengfthe relationships. Also, how a che&stusing the tool can understand the

exploration and exploitation that has occurred within the dataset.
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3 Evaluating The Extracted Reduced Graphs Cores

3.1 Introduction
The previous chapter demonstrated how reduced graph (RG) cores could be derivedeserdpr

lead optimisation (LO) series. As described in the previous chapter, the RG core extraction process
can be applied to a whole dataset or clusters derived from acpustering step. This chapter aims
to evaluate the RG cores from both methods to urelend which methodology gives RG cores that

best describe the relationships within the dataset.

Additionally, the RG cores will be compared with existing methods that aim to serve a similar
function. These include a maximum common substructure MC) &ii A 2y YSUiK2R3X w
which has been adapted for RGs and two other dataset representations methods, Markush
structures and BemiMurcko scaffolds. Comparing the RG core extraction to existing methods will
hopefully indicate how the RG core can bediso overcome some of their limitations. For example,

the RG cores should represent LO series and bring together molecules containing similar but not
necessarily identical scaffolds to overcome the issues associated with Markush structures and SAR

tables.

3.2 To Cluster or Not to Cluster
The RG core extraction process can be applied to both a clustered dataset or a whole dataset. There

is added computation expense associated with the clustered dataset as the dataset has to be
clustered prior to extracting t RG cores. There are also challenges related to clustering a dataset
as clustering indexes that are typically used to determine the optimum number of clusters do not
always give the most appropriate clusters for this purpose. Therefore, a comparisam R&xltores
extracted with and without clustering was carried out to see whether the extra computational
expense and time are needed. The comparison was based on RG core extraction parameter settings
of the minimum core size four and the minimum similap in both cases. The clustering was
carried out using M2FP fingerprints and agglomerative clustering with the clustering level chosen

using the largest silhouette average.

3.2.1 Initial Comparison
The first thing to note is that there was very little differenio the time taken to compute the cores

for both methods. Table-3 shows the RG cores extracted for both methods for the P2x7 Subset.
The RG cores extracted for both methods are shown in the central portion of the table, additional

RG cores unique to thehole data set are shown in the left section, and an RG core unique to the
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clustered data is shown in the rightand section. For each section, the second column contains the
number of molecules that were initially mapped to the RG core in the RG caoaceah process;
the next column contains the molecules that are mapped after remapping occurs; and the final

column shows which cluster or clusters the molecules belong to for each RG core.

Table3-1: Tabledisplaying the cores extracted from the two different processes for the P2x7 subset

Additional Cores Extracted From The Whole Dataset Cores Extracted From Both Methods Additional Cores Extracted From the Clustered Dataset
Initial Number Number of Cluster Initial Number Number of Cluster Initial Number Number of Cluster
RG Core Examples Once RG Core Examples Once RG Core Examples Once
of Examples . Represented of Examples Represented of Examples N Represented
Reexamined
Ga Ga Ga
/ Li Ga,
No &4 9 102 1 N e 208 208 2 2 N 107 109 1,2
NN © a A
Li No Ga’ L
Li
| Na, Ga
437 437 1,234 Ry SN 1 50 2
LN Nai cd No
Li Li
Ca Li
e
s e e 249 249 3
PN 110 110 4
Na Ge No
No_ Ge, Ga
-
0N e 16 16 3

The results are very similar with and without clustering. Seven cores were found for the unclustered
data and six for the clustered data, with five common to both. Theaieing core found for the
clustered data is closely related to one core found for the unclustered data which has an additional
node. The same RG core can be extracted from multiple clusters when extracting RG cores from a
clustered dataset. For exampléheg RG core [Ga][Ca]([Ga])[Li][No] is seen in cluster one and two.
When this occurs, a unique set of RG cores is always reported, and the molecules that map to it are

merged together regardless of which cluster they appear in.

A similar comparison was cad out for the Bajorath and P2x7 datasets. As larger numbers of cores
were produced just the numbers are reported in this chapter, however Ahygendix contains the
structures of each of the cores. Tabl2 3hows the number of RG cores extracted with anthout
clustering. Fewer RG cores were extracted from the whole datasets for the Bajorath and P2x7
datasets compared to when the data was clustered and the average core size is only slightly smaller.
Therefore, extracting cores from the whole datasetsypdes a more condensed summary of the
relationships within the datasets. The RG cores from the entire datasets also have fewer singletons,
this is particularly noticeable for the P2x7 set, which results in thirty singleton RG cores when the
data is preclustered. Additionally, over half the cores were the same whether they were extracted

from the clustered dataset or the whole dataset.

102



Table3-2: Table showing the number of RG cores extracted from the tifferdnt approaches, for clustering technique M2FP
agglomerative

Clusters Whole dataset Number
Number | Number Number of Number Number of of
Dataset Average _ Average .
of of RG i Singletons of RG . Singletons Common
Core Size Core Size
Clusters Cores Initial | Remap Cores Initial | Remap Cores
Bajorath 28 29 6 0 0 24 5 0 0 15
P2x7
4 6 5 1 0 7 5 1 0 5
Subset
P2x7 67 97 6 30 23 58 5 13 9 35

The ten RG coragflectingthe largestnumber ofcompound in each dataset are shown in Table 3
3, fromthe whole daaset, and Table-&, clustered dataset. The number of molecules that map to
the core is given in the brackets and the cells shaded in grey in Tab$#h@w~ RG cores that were

also extracted from the whole dataset.

It can be seen in both tables that theajority of the top ten cores are linear RGs and, with the
exception of the Cyto and Neurokinin datasets, mainly consist of four nodes. Some of the cores have
a branch point and these tend to be focused around a ring node, particularly inert aromatibéNo. T
most populated core in each dataset typically represents around a third of the dataset, although, the
G2L) wD O2NX FT2NJ SFOK 2F (KS /5YHX ClFOG2NI I |y

fifteen percent.

The Cyto and Neurokinin datasetsvieamultiple single and two node cores as well as disconnected
RG cores. (As discussed in the previous chapter, the RG core extraction algorithm allows smaller RC
cores to be found when cores with the minimum size are not pos$iblisconnected RG corase
generated as some of the RGs within these datasets were disconnected molecules, giving rise to
disconnected RGs. The disconnected molecules are largely due to salts that were not removed in the
initial cleaning process. Both datasets contain molecilashave very small RGs. The Cyto dataset

has eight molecules that reduced a single node; 39 molecules were reduced to two nodes; and 86
molecules were reduced to three nodes. For the Neurokinin dataset, 17 molecules were reduced to
a single node; 22 metules were reduced to two nodes; and 74 molecules were reduced to three
nodes.For example, the Neurokinin dataset contains the molecule carbon tetrachloride, a carbon

atom attached to four chlorine atoms, which reduces to a single linker nodéhédisconnected
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RG core and small RG cores indicates that the dataset cleaning step should be improved before

running this methodology.

When comparing the clustered and natustered results, out of the top ten results for all datasets
710fthe 90 RGcoredN& G KS &l YSST gAGK (62 RIGF&aSGia bSdzNE®
ten RG cores. The large overlap between the top RG cores extracted for both methods demonstrates
that any variation in the RG cores overall generally occurs for RG cores thapie@serged by fewer

molecules.
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Table3-3: Top ten cores from each dataset with the number of molecules associated with the core using the whole dataset extractdn meth
































































































































































































































































































































































































































































































































































































































































































































































