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Abstract 
Providing working treatments safely, quickly and cost effectively are major factors in pharmaceutical 

companies. One stage within the drug discovery process is the lead optimisation (LO) stage. A LO 

project is an iterative process that alters a known active core to improve essential properties. These 

properties should be balanced to create an optimum drug candidate that can be progressed through 

the drug discovery process. These iterative refinements are typically represented using Markush 

structures and structure-activity relationship (SAR) tables. When used in unison, they can highlight 

core scaffolds and the varying surrounding substituents, which could be of particular interest. The 

use of these representations can highlight the impact small changes in R-groups can have on the 

property of interest. Unfortunately, however, they cannot provide the same for the core. This is 

because if there is a small modification to a core structure an entirely new Markush structure and 

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

molecules with similar but non identical cores.  

A main aim of this thesis has been to develop a new visualisation tool using reduced graphs (RGs) 

that allows closely related molecules to be represented. The emphasis in the tool is on functional 

groups that can form intermolecular interactions instead of chemical substructures. 

Alongside the visualisation two scores have been developed. The first score, the exploration score, 

explains how much new chemical space and information would be added to the dataset when a new 

molecule is synthesised. The second score, the exploitation score, attempts to explain how 

important the core structure of a new molecule is to the biological activity. This takes into account 

the existing activity information. The new visualisation and scores can be used to aid decision making 

processes in LO projects when considering which molecules to synthesise next, by providing 

rationale based on different substructures within the core structures. 

The final stage of this project is to generate new molecular structures based upon RG node 

alterations. A node substructure for a specified molecule can be substituted for another as long as it 

remains the same node type. This allows scaffold hopping to easily occur as the same RG structure 

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

the decision on which molecule to synthesise in 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 is long and 

expensive. It has been determined that on average it takes twelve years and in excess of one billion 

pounds to get a new drug to market (Thomas, 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 side effects. 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 have a similar chemical structure should have similar chemical properties (G. 

Maggiora, Vogt, Stumpfe, & Bajorath, 2014). 

The initial use of computational methods for handling chemical structures was in the 1950s, when 

techniques for searching databases of chemical structures were developed (Ray & Kirsch, 1957). 

Then a few years later the first quantitative structure-activity relationship (QSARs) method was 

established (Hansch & Fujita, 1963). With the advancement of computational technologies more 

sophisticated techniques have been developed. These included new data mining techniques, 

visualisations and machine learning methods, providing greater insights into chemical data and 

structure-activity relationship (SAR) information and suggestions of new molecules to create. For all 

of these methods, molecular descriptors are needed as inputs. The Sheffield Chemoinformatics 

Research Group has developed a novel molecular descriptor called the reduced graph which is based 

upon functional groups that have potential to form interactions with biological receptors. This 

descriptor is the main focus of thesis.  

This thesis aims to overcome the issues associated with Markush structures and SAR tables and 

generate a new representation that summarises 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 fragments. All of the work done 

within this thesis attempts to aid the decision process for medicinal chemists, whilst generating new 

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

Chapter 1 provides an introduction to chemoinformatics by introducing basic concepts that form the 

basis of this thesis. 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 applied to chemical data is then given. Different types of visualisations that have also been used 

to display chemical information are discussed. The final concept introduced is molecule generation.  

In Chapter 2, a method is developed to identify RG cores to represent molecules in lead optimisation 

series that can be used to illustrate the relationship between several molecules that share similar 

scaffolds. RGs are found for all the molecules and several clustering techniques are investigated to 

identify the best method to precluster a dataset prior to the application of the 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 understanding of which method 

creates the best RG cores to describe the relationship between molecules.  

Chapter 4 establishes how the RG cores can be mapped back onto the RGs of the molecules within 

ǘƘŜ [h ŘŀǘŀǎŜǘ ŀǎ ǘƘŜǊŜ ŀǊŜ ǎŜǾŜǊŀƭ ƛƴǎǘŀƴŎŜǎ ǿƘŜǊŜ ŀ ƳƻƭŜŎǳƭŜΩǎ wD can have multiple occurrences 

of the RG core. The optimal overlap with the other molecules within the dataset is found. Chapter 5 

then describes how these RG mappings are used in the new visualisation, that has been developed 

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

Chapter 6 and Chapter 7 introduce the work undertaken to generate the exploration and 

exploitation scores. Chapter 6 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 new molecule would provide. Chapter 7 

then investigates creating an exploitation score for a potential new molecule. This indicates 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 would potentially 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 8 describes the development of a new approach to molecular generation through 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 technique is to generate new molecules and whether it can identify 

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

Finally, Chapter 9 summarises all of the work and brings together all conclusions, outlines some 

limitations and provides suggestions for future work.  



1 
 

1 Introduction to Chemoinformatics 
Chemoinformatics is a relatively new discipline, although many of the methods that it encompasses 

have been well researched for many years with chemoinformatics seen by some as a new name for 

an old problem (Hann & Green, 1999). It 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 paced field with lots of 

literature being produced.  

This chapter reviews chemoinformatics techniques that provide background to the research carried 

out in the thesis. The first principle to be reviewed is molecular representations. The molecular 

representation problem is notorious within chemoinformatics. Subsequently, it involves finding the 

best molecular descriptor that provides the most information and is most suited to the job. 

Therefore, several molecular descriptors are reviewed, followed by some important 

chemoinformatics applications, similarity searching, and reduced graph (RG) applications. The 

remainder of the chapter will review literature from a variety of procedures that utilise the molecular 

descriptors: machine learning, visualisations and molecular generation.  

 

1.1  Molecular Representations 

Different methods of molecular representation have been adopted to allow chemists and computing 

systems to understand the molecules that are being investigated. The molecular representations fall 

under two categories, human readable and computer readable. Both will be discussed. 

 

1.1.1 Human Readable 

In order to be able to communicate about molecules, chemists need some way of representing them. 

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 systems, chemical formulas and chemical 

diagrams. 

There are two well-established naming systems: International Union of Pure and Applied Chemistry 

(IUPAC) and Chemical Abstracts Service (CAS) (Chowdary, Sri, Prasanna, Sudhakar, & Sarathi, 2014; 

Mills, Cvitas, Homann, Kallay, & Kuchitsu, 1993; Naming and Indexing of Chemical Substances for 

Chemical Abstracts TM 2007 Edition A publication of Chemical Abstracts Service, 2008). Both have 



 
 

2 
 

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 molecule. Figure 1-1 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 market, for example Aspirin. 

 

Figure 1-1: Human readable representations for Aspirin 

Another way in which chemists communicate molecules is by using chemical formulae. A chemical 

formula identifies the atom types in the molecule along with the count. A chemical formula is very 

generic as it can represent several different molecules that contain the same types and numbers of 

atoms. To overcome this, an extended chemical formula is used. This provides information on the 

connectivity of the atoms which reduces the number of molecular possibilities down to one.   

The final approach is a two-dimensional (2D) structural drawing. This allows a more visual 

representation and allows more clarity than the two chemical formulas. Chemists follow several 

different chemical conventions so that there is a basic chemical understanding. For example, the 

bonds are arranged to 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 rules of chemistry. 

2D structural drawings can be used to represent multiple molecules simultaneously. For example, 

chemists working in the lead optimisation stage of drug discovery often use 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 structures have two main uses. 

The first is in patent applications so that a multitude of similarly related 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 to them 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 structure (Warr, 2011). 
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Figure 1-2: Simple example of a Markush structure 

Figure 1-2 demonstrates a simple Markush structure. On the left hand side, the core of the structure 

can be seen and the different R groups can be seen on the right hand side. This example represents 

six different molecules which can be constructed by combining the different R groups to the core. 

For some complex Markush structures the R groups may also contain R groups.  

 

1.1.2 Computer Readable 
For computer processing, chemical compounds have to be represented in machine readable form. 

The representation problem is a fundamental part of chemoinformatics, trying to find the best way 

to represent chemical compounds for a particular 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 storable representation. Molecular 

representation types can be grouped by dimensions. One-dimensional representations are linear 

notations that are built from alphanumeric characters to characterise a molecule. Two-dimensional 

representations can be seen like a graph as they indicate which atoms are present and the 

connections of the atom within the molecule. Two-dimensional representations may also contain x 

and y coordinates to allow them to be drawn on a page. Three-dimensional representations contain 

the same information as two-dimensional representations, however, they provide additional 

information regarding the geometry of the molecule. Three-dimensional representations are more 

accurate than the previous two, nevertheless, this added accuracy makes them much more 

computationally expensive to compute. Here, the four main representation of 2D structures will be 

discussed: SMILES and SMARTS, InChI keys, chemical graphs and connection tables. 
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Figure 1-3: Aspirin computer readable representations. a) SMILES b) InChI Key c) 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 linear notation of a 2D 

structural drawing ό!Φ wΦ [ŜŀŎƘ ϧ DƛƭƭŜǘΣ нллтΤ hΩ.ƻȅƭŜΣ нлмнΤ ²ŜƛƴƛƴƎŜǊΣ мфууύ. It contains 

information about which atoms are bonded and the bond types as well as the element types and 

whether an atom is aromatic or aliphatic. SMILES can also include charges and chirality of atoms. 

SMILES have become popular due to their ease of use and low computational and memory costs. A 

drawback of SMILES is that a molecule can be represented in many different ways (see Figure 1-3a). 

One way to overcome this is to apply a canonicalization algorithm to the SMILES representation so 

that it always gives the same unique SMILES for the molecule (A. R. Leach & Gillet, 2007). SMILES 

arbitrary target specification (SMARTS) is an extension of the SMILES notation that is used to 

represent specific substructures. SMARTS are typically used in searching for substructures within 

molecules. The main fundamentals remain the same between SMILES and SMARTS, however, 

SMARTS allows the inclusion of more symbols. Two examples are that a wildcard atom, * , can be 
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specified which means that this atom can be any element type, and an exclamation mark, !, can be 

used to specific not a particular element or atom type (James, Weininger, & Delany, 2020).  

The International Chemical Identifier (InChI) is an alternative linear representation method that can 

contain more information, however, this information is still restricted to two-dimensional 

characteristics. There is only one standard InChI for each molecule. Just like the SMILES 

representation, InChI allows the identification of different stereoisomers, easily allowing different 

structural information such as E/Z, alkene bond or R/S chiral centres to be distinguished. The InChI 

canonicalization algorithm generates a unique standard InChI for a molecule which can then be 

hashed to create the InChI key όIŜƭƭŜǊΣ aŎbŀǳƎƘǘΣ tƭŜǘƴŜǾΣ {ǘŜƛƴΣ ϧ ¢ŎƘŜƪƘƻǾǎƪƻƛΣ нлмрΤ hΩ.ƻȅƭŜΣ 

2012).  

There are also two dimensional representations. The 2D structural drawings can be adapted to be 

represented on a computer, this is becomes known as a chemical graph. The molecule is represented 

as a graph composed of nodes and edges, as can be seen in Figure 1-3c. The nodes are the circles 

and characterise the atoms of the molecule, which can have properties linked to them. The edges 

are the lines which signifies the bonds. An extra level of sophistication can be added by colouring 

the nodes and bonds to differentiate between the different types. Chemical graphs can be 

represented as connection tables in order for the computer to interpret them (A. R. Leach & Gillet, 

2007).   

A connection table is a simple table representation that attempts to replicate the connections that 

are made within a molecule. The atoms are enumerated and the bond order between each of the 

atoms is recorded within the table (for example, 1=single, 2=double, 3=triple), see Figure 1-3d. In 

most connection tables, hydrogen 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, and xyz coordinates of each atom (Dalby et al., 1992; A. R. Leach & Gillet, 2007). 

 

1.2 Molecular Descriptors 
Many chemoinformatics applications require molecular descriptors to be defined which are 

experimentally measured or theoretically derived properties of a molecule. The molecular 

descriptors attempt to encapsulate as much chemical knowledge about the molecule as possible. 

This knowledge can include molecular properties such as the size, the shape, the symmetry, the 

stereochemistry, the branching, sterics, the cyclicity, and the hydrophobicity. Molecular descriptors 
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can be derived 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 methods for more analysis and 

understanding. This section will discuss some of the main molecular descriptors that are commonly 

used in chemoinformatics.   

 

1.2.1 Simple Counts and Physicochemical Properties 

The simplest molecule descriptor is to use counts of features that are of interest. For example, these 

features can include counts of atom types, ring systems, rotatable bonds, hydrogen bond donors 

and hydrogen bond acceptors.  

Physicochemical properties can be calculated and also be used as a molecular descriptor. These can 

either be computed values or experimental values. Physicochemical properties that are typically 

used are molecular weight, lipophilicity (logP), solubility, polar surface area and molecular flexibility. 

These properties can be calculated either on 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 molecules (A. R. Leach & Gillet, 2007). 

 

1.2.2 2D Fingerprints 

Fingerprints were originally generated for substructure searches and then subsequently used for 

similarity searching (Willett, 1987). Fingerprints are very popular descriptors due to their ease of use 

and quick computational time. They are also preferred over graphical representations 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 basic whereas others can be more complex (Hasan, Bonde, 

Buchan, & Hall, 2012; Wollenhaupt & Baumann, 2014). 2D molecular fingerprints do not need to be 

canonicalised, therefore, for a fingerprint method the fingerprint for a molecule will always be the 

same.  

There are three fingerprint types commonly used: structural keys, hashed fingerprint, and extended 

connectivity fingerprints (R. D. Brown & Martin, 1996; ZahoránszkyȤƪǃƘŀƭƳƛΣ .ƻƭƻƎŀΣ ϧ hǇǊŜŀΣ нлмсύ. 

A molecular fingerprint is a binary key that indicates whether certain fragments appear within a 
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chemical structure or not. Structural keys are based on substructural fragments which can be atom-

centred or path-based. These can be dictionary-based where each bit in the fingerprint corresponds 

to a fragment in the dictionary. In hashed fingerprints, the 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 fingerprint. A feature of hashed fingerprints is that they 

are not easy to interpret as the hashing algorithm makes it difficult to identify the fragment without 

knowing the specific hashing algorithm (Stepniewska-Dziubinska, Zielenkiewicz, & 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 account a central atom and the 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 performed 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 assigned. Like the hashed fingerprints described above, ECFPs 

can be generated on the fly and do not depend on predefined structural keys. Therefore, they can 

cover a wide range of functional groups including unusual or novel groups. Due to their advantages, 

they are frequently used for activity modelling and similarity searching. Another advantage is that 

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

substituents to be distinguished.  

Bit folding can occur which reduces the fingerprint down to a particular size. Hashing (and bit folding) 

can lead to bit collisions which is where two different substructures are characterised as the same 

identifier (Rogers & Hahn, 2010).  

 

1.2.3 Reduced Graphs 
A reduced graph (RG) is a compressed representation of a molecular structure that is focused upon 

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

are reduced to individual pharmacophore-type nodes, for example, an aromatic ring is reduced to 

one node, see Figure 1-4. The nodes in the reduced representation are connected according to the 

original structure to form a reduced graph. There are several ways in which this compression can be 

represented. One of the main ways to represent them is to use SMILES. This is achieved by mapping 

the different node types to atom types that are outside the usual set used for organic molecules.  
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RGs were originally created to describe the chemical space that is covered by a Markush structure 

as defined in a patent application (Gillet et al., 1987; Gillet, Holliday, & Willett, 2015). They 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. The focus on the types of 

functional groups rather than particular atoms within molecules can lead to molecules with different 

2D structures being identified as similar (Birchall, Gillet, Harper, & Pickett, 2008; Gillet, Willett, & 

Bradshaw, 2003; Harper, Bravi, Pickett, Hussain, & Green, 2004). 

 

Figure 1-4: An example of a reduced graph representation (Birchall & Gillet, 2010) 

Different types of graph reduction can be applied and different amounts of information can be 

associated with the nodes. Figure 1-4 is the most basic example of a RG, the hydrogen bond acceptor 

and/ or donors have been found and are defined as feature nodes, F. For ring nodes, whether the 

ring is aromatic, Ar, or aliphatic, R, is also found. Any atoms that have not been assigned and connect 

nodes are then assigned as linkers, L. Other definitions include also encoding positive and negative 

ionisable features as node types (Gillet et al., 2003; Harper, Bravi, et al., 2004). 

There have also been similar approaches developed with the same principles of bringing together 

atoms with similar binding potentials. Rarey et al. established the feature tree (Rarey & Dixon, 1998). 

The feature tree is a 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 
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not contain cycles, whereas the RG can. Feature trees have also been used for similarity searching 

applications.  

Stiefl et al. generated the extended RG (ErG) (Stiefl, Watson, Baumann, & Zaliani, 2006). 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 shape of the original 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 ring 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 been defined or connected they are then 

removed. Stiefl et al. generated ErG into its own FP that can be useful in virtual screening 

experiments (Stiefl & Zaliani, 2006). 

Another approach that attempts to use similar principles and exploit the observed pharmacophoric 

features is DeCAF (Discrimination, Comparison, Alignment tool for 2D Pharmacophores). DeCAF 

generates a pharmacophore model representation, seen in Figure 1-5, where five key 

pharmacophoric features are highlighted, hydrophobic, aromatic, hydrogen bond donor, hydrogen 

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 considered 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 chemical graph. Unlike RG and ErG, DeCAF are kept and 

utilised in their graphical forms (Stepniewska-Dziubinska et al., 2017).  

 

Figure 1-5: DeCAF pharmacophore model of a single molecule (Stepniewska-Dziubinska et al., 2017) 

Some of the ways in which these different molecular descriptors are utilised in chemoinformatics 

applications are now described.  
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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 plays an important role in being able to establish common patterns that emerge 

within a chemical series due to the identification of a relationship between molecular structure and 

activity. The rationale for similarity searching is that molecules that have similar structures are also 

similar in biological activity (Willett, 2005). Similarity searching can be used with many different 

molecular descriptors, for example, fingerprints, chemical graphs and reduced graphs, with 2D 

fingerprints being most common but to them having shown a large amount of success with very little 

computational cost (Arif, Holliday, & Willett, 2010). Some of the main methods are described below.  

1.3.1.1 Fingerprint Similarity 

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

absence of particular ŦǊŀƎƳŜƴǘǎ ŀǎ мΩǎ ŀƴŘ лΩǎΣ the number of bits that are the same can be 

calculated. An example of a fingerprint comparison is shown in Figure 1-6, 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 Tanimoto similarity coefficient, which is explained later in this section. 

 

Figure 1-6: An example of a fingerprint comparison 

2D fingerprints have been demonstrated to be effective in similarity searching especially for 

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 
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structures (Gillet et al., 2003). This also indicates that they are not good at scaffold-hopping which is 

one of the desired abilities of molecular representations as it allows the exploration of previously 

unexplored chemical space (Stepniewska-Dziubinska 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 structural 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 bits (R. D. Brown & Martin, 1996). Arif et al. investigated the 

use of weighting systems in the similarity scoring between two two-dimensional fingerprint 

representations. The first approach 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 hit then 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 be obtained which is not desirable (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 atoms and bonds between two 

molecules. From a graph-theoretical point of view, the MCS of two molecules is defined as the 

maximum common edge subgraph (MCES) or maximum common induced subgraph (MCIS) of two 

graphs. MCES is a subgraph that contains the largest number of edges that are common between 

both molecules. Whereas MCIS is a subgraph that contains the largest number of vertices, see Figure 

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

molecules which can be used as a measure of their similarity (Duesbury, Holliday, & Willett, 2017). 
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Figure 1-7: MCSs of Graph 1 and Graph 2 a) MCIS b) MCES 

In the first definitions of the MCS, the algorithms were designed to find the maximum common 

connected substructure between two molecules. For example, in Figure 1-8 all of the atoms and 

bonds highlighted in green would form the MCS. The rationale for this approach is that the 

environment of an atom affects its properties, for example, a nitrogen atom has very different 

properties in pyridine as it does within piperidine.  

 

Figure 1-8: An example of an MCS produced from RASCAL (Raymond, Gardiner, & Willett, 2002). All coloured bonds are part of the 
MCS 

Finding the MCS between two graphs is computationally expensive for large datasets (Willett, 2005; 

Wollenhaupt & Baumann, 2014). A clique is a set of nodes that are plotted on a graph that are 

connected and all nodes are connected to one another. A maximal clique is the largest clique within 

a graph which cannot be a subset of another clique (Ostergard, 2002). Barrow and Burstall were the 

first to attempt to overcome the computational costs of MCS detection by converting it to a maximal 

clique problem (Barrow & Burstall, 1975). Stepniewska-Dziubinska et al. further adapted the Barrow 

and Burstall MCS algorithm and combined it with Bron-YŜǊōƻǎŎƘΩǎ ŀƭƎƻǊƛǘƘƳ ŦƻǊ ŦƛƴŘƛƴƎ ƳŀȄƛƳŀƭ 

cliques. The maximal clique is the clique with the highest similarity score, signifying that it the best 

alignment of all the models. They also included the topological distance of the bond as a constraint 
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(Stepniewska-Dziubinska et al., 2017)Φ ¢Ƙƛǎ ƳŜǘƘƻŘƻƭƻƎȅ ǳǎŜǎ ŀ ǎƛƳƛƭŀǊ ŀƭƎƻǊƛǘƘƳ ǘƻ wŀȅƳƻƴŘ Ŝǘ ŀƭΦΩǎ 

program RApid Similarity CALculation (RASCAL) that calculated the similarity between two 

molecules. RASCAL is a fast similarity finding algorithm designed to analyse large-scale data sets. This 

algorithm provides chemical similarity searching on graphs instead of fingerprints. This is done by 

finding the maximum common induced subgraph (MCIS) and the maximum common edge subgraph 

(MCES).  The RASCAL algorithm was compared to the MC1 algorithm (Wood, 1997), Ostergard 

maximum clique problem (Ostergard, 2002) and a maximal clique detection algorithm (Bessonov, 

1985). The RASCAL algorithm outperformed these methods due to it being more efficient and 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 scaffold-hopping as they have a bigger structural 

difference (Raymond et al., 2002). 

1.3.1.3 Tanimoto Coefficient 

The Tanimoto coefficient is used to quantify the similarity between two molecules (Willett, 2005; 

ZahoránszkyȤkǃƘŀƭƳƛ Ŝǘ ŀƭΦΣ нлмсύ. The Tanimoto coefficient equation is as follows: 

 Ὕ  
ȿ!ȿ᷊ ȿ"ȿ

ȿ!ȿ᷾ ȿ"ȿ
 (1.1) 

Where the Tanimoto similarity is the number of features common to molecules A and B divided by 

the number of features in A or B (ZahoránszkyȤƪǃƘŀƭƳƛ Ŝǘ ŀƭΦΣ нлмсύ. Therefore, for the example 

within Figure 1-6, ƻƴƭȅ ǘƘŜ ŎƻƳǇŀǊƛǎƻƴ ōƛǘǎ ǎŜǘ ǘƻ άмέ ŀǊŜ ŎƻǳƴǘŜŘ ƛƴ ǘƘŜ ¢ŀƴƛƳƻǘƻΣ нлофΣ and the 

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

So the Tanimoto similarity coefficient for the ECFP 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 

molecular fingerprints. The Tanimoto coefficient equation has been adapted for this purpose (G. M. 

Maggiora & Shanmugasundaram, 2004). 

 Ὕ  
ὓὅὛ

ὃ ὄ ὓὅὛ
 (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 molecules A and B.  

Even though the Tanimoto coefficient is still the most widely used similarity coefficient in 

chemoinformatics, several people have investigated different similarity coefficients, such as Forbes 
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and Russell-Rao coefficients. These were seen to give similar results if not superior to the Tanimoto 

coefficient in certain circumstances (Arif et al., 2009; Willett, 2005). 

 

1.3.2 RG Applications  
RGs have many useful applications in chemoinformatics. The RG has been shown to be useful in 

similarity searching. There are three different approaches that can be used to calculate the similarity 

between two molecules based on their RGs. These are by generating fingerprints from the RGs, by 

comparing the graph directly or using edit distance methods. As the RG is represented as a SMILES 

then a path-based fingerprint can be generated (Birchall & Gillet, 2010; Gillet et al., 2003). Another 

type of fingerprint that has been investigated is node-pair descriptors, which have been shown to 

have a greater success in comparing the RGs (Barker, Gardiner, Gillet, Kitts, & Morris, 2003; Birchall 

& Gillet, 2010).  

The RGs can also be compared directly using graph matching techniques, such as the MCS. RGs are 

smaller graphs than chemical graphs, therefore, this allows their comparison to be more 

computationally efficient. There are several research groups who have looked into similarity 

searching based on RGs and achieved some level of success (Harper, Bravi, et al., 2004).  

Gunera et al. also attempted to create a method for similarity searching that involves RGs as a 

combination of graphs and fingerprints. However, this methodology incorporated the use of colour 

on the nodes to be able to interpret more data. This research aimed to identify bioisosteres, which 

is where the functional groups within a molecule are swapped but the physicochemical properties 

remain unchanged, i.e. they remain biologically active, this is called scaffold hopping (Gunera & Kolb, 

2015). 

Harper et al. investigated similarity using edit distances 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 be inserted, deleted or mutated in order to make two RGs match. In contrast, a 

weighted edit distance associates different weights to the insertion or deletion of different 

functional groups. They showed that RGs can be used in parallel with other methods to identify 

molecules that before would not have been found using just one method (Harper, Bravi, et al., 2004).  

Birchall et al. further developed this work by creating a genetic algorithm that assigned the weighting 

of the edit distances. This was found to outperform and differ significantly to Harper et al., with a 

higher recall rate across a range of different activity classes. These weightings were seen to be more 
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effective as they had been trained over several different activity groups (Birchall, Gillet, Harper, & 

Pickett, 2006).  

The RG has also been used in various clustering algorithms. Harper et. al first used RGs to cluster 

high-throughput screening data. The molecules were clustered dependent on several descriptors, 

either FP or RG of 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 cluster (Harper, Bravi, et al., 2004). 

DŀǊŘƛƴŜǊ Ŝǘ ŀƭΦΩǎ ǊŜǎŜŀǊŎƘ ŀƛƳŜŘ ǘƻ ŦƛƴŘ ŀ ōŜǘǘŜǊ ǿŀȅ ƻŦ ǊŜǇǊŜǎŜƴǘƛƴƎ ǘƘŜ Ƴŀƛƴ ǊŜƭŀǘƛƻƴǎƘƛǇ ƛƴ ŀ 

cluster. Gardiner et al. initially clustered a database, then for each cluster, they found an RG that is 

the MCES for as many molecules within a cluster. This method was successful in identifying an RG 

for a cluster that is representation of the majority of the molecules and which can be mapped back 

to a chemical graph to provide information on subgraphs that are important to the activity. 

(Gardiner, Gillet, Willett, & Cosgrove, 2007).   

RGs have been used to visualise SAR. One method is by Wollenhaupt et al. in their generation of 

inSARa program. An RG algorithm is first applied to the molecules, after which the MCS is found. As 

the RG dramatically reduces the size of the molecular representation, computing the MCS becomes 

a less computationally expensive task. This technique can be applied to large-scale problems such as 

large-scale SAR analysis. In this technique, a root MCS is established in order to generate a 

hierarchical network structure. An important ƪŜȅ ŦƛƴŘƛƴƎ ŦǊƻƳ ²ƻƭƭŜƴƘŀǳǇǘ Ŝǘ ŀƭΦΩǎ ǊŜǎŜŀǊŎƘ ƛǎ ǘƘŀǘ 

it is important to not define the size of the root MCS too small. In their results, an RG-MCS greater 

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 nodes and this could just be from random MCS that happened to have two things 

in common. It was suggested that 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, for example, linker nodes (Wollenhaupt & 

Baumann, 2014).  

 

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

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

techniques have been developed to prioritise molecules to make based upon properties which can 
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be learnt from the previous data. The properties that are of particular importance are the biological 

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

Machine Learning has become a popular technique in chemoinformatics due to its ability to allow 

the computer to learn information. Machine learning is typically classified into two types: supervised 

and unsupervised (Witten, Frank, Hall, & Pal, 2016). There have been several successful uses of 

supervised and unsupervised learning in chemoinformatics, some of which are reviewed below.  

 

1.4.1 Supervised Learning  

Supervised learning gets its name as the algorithm learns under supervision. Supervised learning 

requires labelled training data and the aim is to learn the relationship between the input label and 

the set of variables that are used to present the objects, that is, how one maps onto the other. The 

resulting model is then able to predict the corresponding label for a new molecule from its known 

variables (Clarke et al., 2008; Witten et al., 2016). Quantitative structure-activity relationships 

(QSAR) is an example of how supervised machine learning can be applied to a chemoinformatics 

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

1.4.1.1 Quantitative Structure-Activity Relationship 

Quantitative structure-activity relationships (QSAR) is a mathematical technique used to derive a 

relationship between structural features of molecules and a measured property, particularly their 

activities. QSAR models are either regression or classification models that are used to link features 

(X) of molecules to their potencies (Y). In a regression model Y is an activity value and in a 

classification model Y is an activity category. Molecules that have previously been unseen by the 

model can then have predictions made using the QSAR model. QSAR was first developed in 1962 by 

Hansch and Fujita who predicted the reactivity and molecular lipophilicity of phenoxyacetic acids by 

modelling on benzoic acid substituents (Hansch, Maloney, Fujita, & Muir, 1962). QSAR modelling can 

be used throughout the drug discovery projects as it allows predictions to be made on the activity of 

a molecule or its ADMET properties to establish a more optimised molecule. Molecular fingerprint-

based representations are the most commonly used descriptors in QSAR (Wollenhaupt & Baumann, 

2014). 

QSAR models are developed using a training set of molecules. The model can then be applied to 

unseen molecules to make predictions (Cherkasov et al., 2014). A QSAR model can be built via two 

different methods: internal cross-validation, where a percentage of the training set is taken out 
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before the model is built and these molecules become the test set. This is done several times and an 

average is taken of the model performance. Or an external validation can occur with a pre-

established set of compounds that are not contained within the training data, as long as the 

molecules are within the domain of applicability (Dearden, Cronin, & Kaiser, 2009).  

1.4.1.1.1 Free-Wilson Analysis 

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

interpretability. A Free-Wilson analysis estimates the bioactivity of the molecules by summing the 

activities of the substructural fragments that constitute the molecule (Wilson & Free, 1964). The 

molecules that are used to create the model only need to be provided with the property of interest; 

they do not require the chemical analogue/ scaffold and substituents (R-groups) to be 

predetermined. An example of how the Free-Wilson analysis is calculated for one R group is 

demonstrated in Figure 1-9. The equation can then be adapted for more R groups around a scaffold, 

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

 

Figure 1-9: Free-Wilson analysis example for one R group. Where  ˃is the contribution of the parent analogue, ai is the 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 drawbacks of this methodology is that it can only provide predictions for R-groups 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 the scaffolds extracted within the dataset. Free-Wilson approach is limited to the local analysis 

of homogeneous datasets, however, other methods have been developed to overcome this 

limitation.  

1.4.1.1.2 Interpretation of QSAR 

An important aspect in chemoinformatics is to 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 molecular pair analysis (MMPA) that identifies SAR patterns through defining 

matched molecular pairs (MMP) that are present. A MMP ƛǎ ŀ άǿŜƭƭ-ŘŜŦƛƴŜŘ ǎǘǊǳŎǘǳǊŀƭ ŎƘŀƴƎŜέ 

between two molecules, Figure 1-10. Kenny and Sadowski first established this concept (Kenny & 

Sadowski, 2005). SARs can be identified as chemical pair transformations that can cause a change in 

ADMET properties or target binding. MMPs are identified and differences in their measured ADMET 

data are used to link properties to structures. An example of an MMP is changing a methyl group to 

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

 

Figure 1-10: Comparison of MCS and FI MMP methods, MMP highlighted in green 

The most common way of finding an MMP is via the fragment-index (FI) method, which can be 

divided into several steps. The first step is to fragment each molecule by cleaving bonds. Hussain and 

Rea first described this method by cleaving every acyclic single bond between two heavy atoms. The 

bonds are broken one at a time and the resulting fragments are stored as SMILES, one is the core, 

that is the fixed fragment, while the other is the fragment that changes (Figure 1-10) (Hussain & Rea, 

2010). An alternative approach is based on finding the MCS. The main drawback with MMPs is that 

it depends on the implementation as using the two different techniques can result in different 

MMPs, see Figure 1-10. 

Polishchuk et al. developed a method that masks a fragment of interest and compares the 

predictions of this masked molecule and 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 score όtΦ DΦ tƻƭƛǎƘŎƘǳƪΣ YǳȋƳƛƴΣ !ǊǘŜmenko, & Muratov, 2013; P. Polishchuk 

et al., 2016). Further work, was also done by Polishchuk that took the environment of the atom(s) 

into account too (Matveieva, Cronin, & Polishchuk, 2019). This method will be further described in 

Chapter 7. 
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Sheridan has recently used similar principles to generate a method that colours the atoms according 

to how much they contribute to the activity (Sheridan, 2019). Sheridan uses a combination of 

molecular descriptors, in frequency form, and ML models to establish a consensus prediction from 

all combinations. To understand the importance of each atom a recalculated prediction is compared 

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 combinations are not 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 predict discrete 

properties/ labels (Wawer, Lounkine, Wassermann, & Bajorath, 2010). Decision trees have been 

used across a wide range of chemical endpoints to successfully predict or interpret relationships or 

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

 

Figure 1-11: Decision Tree 

An example of a decision tree is shown in Figure 1-11. The root node represents the whole dataset, 

which is split into nodes based upon some criteria or property. The process is repeated until 

eventually the outcome is a leaf which is the prediction/ label. In order to split nodes different 

metrics can be used to establish the best split to keep alike molecules together. Common metrics 

that are used are Gini impurity, information gain (entropy), and variance reduction.  



 
 

20 
 

1.4.1.2.2 Random Forest 

The decision tree is prone to overfitting the data whereby it learns the training data but is not 

accurate in predicting new data. One way in which the decision tree can be enhanced is to create a 

collection of decision trees into a random forest (RF) (Ho, 1995, 1998). RFs can help to overcome low 

predictivity and instability of a model. RFs are stable models and are resistant to noise within the 

data. This is because it uses a combination of decision tree models, a prediction is based on the 

predictions made across multiple trees and each tree is built using a subset of descriptors/ data. An 

example of how a RF works is shown in Figure 1-12. A RF is built following three rules. The first is 

that each tree is generated from a random sample of the training set; by repeating this a number of 

times, the whole of the training set will be sampled. The second is that when splitting nodes only a 

defined number of random features are used. The third is that the trees cannot be pruned, i.e. be 

reduced (P. Polishchuk, 2017). 

 

Figure 1-12: An example of how a random forest works 

1.4.1.2.3 Gradient Boost Model 

Gradient boost model (GBM) is another ensemble approach based on decision trees that has been 

used in chemoinformatics for regression and classification problems (P. Polishchuk et al., 2016; 

Sheridan, Wang, Liaw, Ma, & Gifford, 2016). GBM sequentially builds weak models, where a weak 

model is one that is considered to be slightly better 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 system works is displayed in 

Figure 1-13.  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 loss function and reduce the errors.  
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Figure 1-13: 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 classification (Burbidge, Trotter, Buxton, & Holden, 2001) and were 

later used on regression problems (Alvarsson et al., 2016).  

SVM uses a kernel function to create a hyperplane, also known as a decision boundary, that for a 

classification problem separates the data into two different classes. The data points on either side 

of the hyperplane are defined as the support vectors. The optimum position of the hyperplane is 

when the distance between the support vectors is maximised, which is known as the margin, and 

which minimises the classification error (H. Chen et al., 2013). An example of a classification problem 

and how a SVM model works can be seen in Figure 1-14. This has two classes, 1 labelled in red and 

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

 

Figure 1-14: Illustration of how an SVM model works 
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Vapnik further developed the SVM method so that it could be useful for regression problems 

(Vapnik, 1995). For a regression model, instead of the hyperplane acting as a boundary between 

classes, it instead helps to establish a prediction value for the property of interest. Within a support 

vector regression (SVR) model an ʁ-insensitive region is established, this region controls the noise of 

the data within the model, Figure 1-15. Ideally all data points are within this region, however, this is 

not always possible to have a relevant worthwhile model, so the data points that lie outside this 

region have an associated error attachedΣ ˅i, which increases as the distances from the -ʁinsensitive 

region increases (Ivanciuc, 2007). A hyperplane can then be fitted using these data points allowing 

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

 

Figure 1-15: SVR example 

Not all examples are as straightforward as in Figure 1-14 and a clear hyperplane may not be 

identifiable. A hyperplane may be more easily identifiable when the data is projected into higher 

dimensions which is done through a kernel function. A common kernel function is the radial basis 

function (RBF). RBF is a Gaussian function : 

 • Ὡ
ᴁ ᴁ

 (1.3) 
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Where x and y are vector points and ̀  controls the shape of the hyperplane. The squared distance 

between these two points is calculated. ɹ, , scales the amount of influence two points have on 

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

1.4.1.2.5 Partial Least Squares 

Partial least squares (PLS) regression is based on the upon principal component analysis (PCA) and 

multiple linear regression. PLS is a technique that can deal with the large number of independent 

variables that are typically used to represent molecules. A PLS model provides a technique 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 matrix, i.e., X, which can then be visualised, see 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 property of interest, to be estimated. These two steps can be explained 

via the following equations: 

 ὢ Ὕὖ  (1.4) 

 ¹ Ὕὄὅ  (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 X-residuals, 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 value, » (Abdi, 2010). 

The way in which the PLS is developed means that the first components encode the most 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. This large reduction 

allows them to be useful predictors for chemical properties (B. Chen, Zhang, Bond, & Gan, 2015; P. 

Polishchuk et al., 2016).  

 

1.4.2 Unsupervised Learning  

In contrast to supervised learning, unsupervised learning is applied to unlabelled data. The main use 

of unsupervised learning in chemoinformatics is to model molecular properties and biological 

activity in order to learn more about the data. Examples of this are principal component analysis 

(PCA) and clustering (Clarke et al., 2008). 
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1.4.2.1 Principal Component Analysis 

PCA is a dimensionality reduction technique based on using linear combinations of the descriptors. 

However, with the reduction of the dimensions, there is an expected loss of information (Medina-

Franco, Martínez-Mayorga, Giulianotti, Houghten, & Pinilla, 2008; Wawer et al., 2010).  

The principal components are calculated from 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 variance-covariance 

matrix. The variance-covariance matrix is of size of n x n. The eigenvectors represent the directions 

of lines, which can be drawn through the data points. The eigenvalues are the amount that the data 

points vary from this eigenvector. The eigenvector with the largest eigenvalue is known as the 

principal component, this means that it is the one with the largest variance. The number of 

eigenvectors and values that are considered following a PCA analysis determines the number of 

dimensions used to represent chemical space. Therefore, if the model only has two dimensions then 

the two largest eigenvalues are used. The principal components selected are all orthogonal to each 

other (A. R. Leach & Gillet, 2007; Medina-Franco et al., 2008). As variables with high dimensions can 

be reduced to two or three variables, principal components, the PCA can be visualised in a plot form, 

see Figure 1-18. A disadvantage of this visualisation technique is that the principal components are 

linear combinations of the original descriptors which can be hard to interpret and that it is not always 

possible to condense information into a small number of key components to allow patterns to be 

identified (Bro & Smilde, 2014). 

1.4.2.2 Clustering 

Clustering allows objects to be divided into different groups or clusters, where objects in the same 

group are the similar and objects in different groups are different. From a chemoinformaticianΩs 

point of view, this may enable relationships between chemotypes and biological activity to be 

identified (Gillet et al., 2015; Wawer et al., 2010). There are three main steps to clustering: the first 

step is to establish each moleculeΩǎ set of features; the second step is to calculate pairwise 

similarities between the molecules; the third and final step is to cluster together similar molecules 

(Willett, 2005). 

There are two main types of clustering methods which are hierarchical and non-hierarchical 

methods. Both clustering methods generate distinct or crisp clusters; therefore, none of the 

structures can appear in multiple clusters, other than the nested clusters within a hierarchy of 

clusters (R. D. Brown & Martin, 1996). There is another type of clustering known as fuzzy clustering 

that allows the objects to belong to more than one cluster. This arose in popularity due to its unique 
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ability to be able to have an item in multiple clusters, which in some instances can be useful (Bunin, 

Siesel, Morales, & Bajorath, 2007).  

There have been several areas in the chemoinformatics area that use clustering, such as: SAR, virtual 

screening (Gupta & Zhou, 2021), high-throughput screening (Harper, Bravi, et al., 2004; Reymond & 

Awale, 2012), visualisations (Gütlein, Karwath, & Kramer, 2012), scaffold analysis (Mok & Brown, 

2017) and molecular docking (Makeneni, Thieker, & Woods, 2018). 

1.4.2.2.1 Clustering Techniques 

1.4.2.2.1.1 Agglomerative Clustering 

Agglomerative clustering is a type of hierarchical clustering that builds clusters from the bottom up. 

Therefore, each molecule begins on its own and the molecules come together based upon a certain 

criterion. The merging of clusters is repeated until all molecules are in a single cluster. There are 

three main implementations of agglomerative hierarchical clustering: group-average, single-link and 

complete-link. In each case, the two clusters are combined that have the smallest index. The three 

indexes are illustrated in Figure 1-16 by different colours. The four resulting clusters are 

demonstrated with a dashed line. The group-average is the distance between the clusterΩs averages, 

shown by the red arrows. The single-link index is the minimum distance between any two molecules 

where one is taken from each cluster, shown by the green arrows. The complete-link is the maximum 

distance between any two molecules where one is taken from each cluster, shown in by the yellows 

arrows. A clustering level is chosen based on either a distance criterion or a specific number of 

clusters (R. D. Brown & Martin, 1996; Murtagh, 1985). 
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Figure 1-16: An example of agglomerative clustering, the red arrows indicates the average distance algorithm, the green arrows 
indicates the single-link algorithm and the yellow arrows indicates the complete-link algorithm. 

1.4.2.2.1.2 Butina Clustering 

Butina clustering, also known as Taylor-Butina as it was first described by Taylor et. al (Taylor, 1995), 

consists of two main steps. The first step is to identify potential centroid molecules. These are the 

molecules that the clusters will be built around and will, therefore, be the centres of the clusters. 

For each molecule, the number of near neighbours is calculated using a specific Tanimoto threshold. 

The molecules are then ordered so that the molecule with the highest number of neighbours is first 

and the molecule with the fewest is last. This ordering eliminates issues of order dependencies that 

are seen with some other clustering techniques. The first molecule is then selected as the centroid 

of the first cluster and all the molecules that are above the similarity threshold become part of this 

cluster. These molecules are removed from the list to ensure that a molecule is only assigned to a 

single cluster. The next remaining molecule is then chosen from the list and the process is repeated 

until all molecules are within a cluster or are a cluster on their own (Butina, 1999). An example of 

this clustering technique can be seen in 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 the respective centroid 

molecule. 
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Figure 1-17: Example of Butina clustering 

1.4.2.2.1.3 K-Means Clustering  

The K-means algorithm also uses centroids, as for Butina clustering, however, the number of 

centroids (and therefore clusters) is pre-defined as k. The centroids are initially chosen at random 

and each molecule is assigned to its nearest centroid. For each cluster, a new centroid is calculated 

as the centre of the compounds within the cluster. Each molecule in the dataset is then reassigned 

to its nearest centroid. The process is repeated until there is no change of molecules to clusters (Bora 

& 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, once clusters have been established, it is 

important to check how valid the clusters actually are. Cluster validity is determined by calculating 

various scores that aim to quantify how good the clustering is. There are two criteria that are typically 

used. These are the compactness of the clusters and the separation between clusters. There are 

three types of indexes: external, internal and relative. External indexes are based on how well 

matched the clusters are to known specified classes or labels. This is useful if the ideal clustering of 

the data is known. However, if this is unknown, which is usually the case, then this index cannot be 

used without self-assigning all the data points. Internal indexes are based on the data itself and do 

not make reference to any pre-existing cluster information. These indexes are typically based on 

calculating inter- and intra-cluster distances. Relative indexes compare multiple clusters, via either 

an external or internal index (Agrawal, Garg, & Patel, 2015).  There are three different ways of 

calculating the inter-cluster distances. The first is the single linkage method which uses the same 

principle as the agglomerative clustering single linkage and is the minimum distance between 
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clusters, that is, the distance between the closest two data points. The second is complete linkage 

which is the maximum distance between clusters, that is, the distance between the furthest two 

data points. The third is the distance between the centroids of each of the clusters. Single linkage 

and complete linkage involve pairwise similarity calculations and can, therefore, have large 

computational costs (Azuaje & Bolshakova, 2002; Halkidi, 2001).  

1.4.2.2.2.1 Silhouette Average 

Silhouette average provides information on the cohesion and compactness of the clusters while also 

providing information on the separation. A silhouette average is a value between -1 and +1 with the 

closer the value is to +1 the better the clustering. A, s, is calculated for each data point/molecule as 

shown in Equation 1.6.  
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Where ai is the average distance of point i to all points within its own cluster, bi is the average 

distance of i to all points in the nearest neighbouring cluster and m is the number of data points. The 

closer the silhouette score is to one the better matched a data point is to its own cluster, which 

represents good cohesion, and the more poorly it matches to the other clusters, representing good 

separation. When a data point is in a cluster on its own, i.eΦΣ ŀ ǎƛƴƎƭŜǘƻƴΣ ǘƘŜƴ ǘƘŀǘ ŎƭǳǎǘŜǊΩǎ ǎƛƭƘƻǳŜǘǘŜ 

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 is also based on inter- and intra-cluster distances.  
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Where d(ci, cj) is the distance between clusters ci and cj and max{d(x,y)} equates to the maximum 

distance between point x and y that are within the same cluster, ck. The more compact and more 

separated clusters are the higher the Dunn index (Dunn, 1974; Halkidi, 2001). A 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 Bouldin (DB) index is the average of the ratios between the intra-cluster distance and the 

separation between clusters for each cluster. This means that the Davies Bouldin must be positive. 

There are several properties that should be conserved. The main one is that the ratio between ith 

and the jth cluster must be greater than or equal to zero, whilst also maintaining that the ratio Rij 

equals Rji.  
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Where si is the intra-cluster distance, dij is the inter-cluster distance and nc is 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 the clusters are (Davies & Bouldin, 1979). 

1.4.2.2.2.4 Calinski-Harabasz 

The Calinski-Harabasz (CH) index is the ratio of the average intercluster distance and the average 

intracluster distance.  
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 ύὭὸὬὭὲ ίόά έὪ ίήόὥὶὩί ᴁὼ ᾀᴁ (1.13) 

Where no is the number of data points, nc is the number of clusters, nk is the number of points within 

cluster k, zk is the centroid of cluster k, z is the centroid of the overall points and xi is a data point 

within cluster k. Unfortunately, due to the nature of intra-cluster sum of squares, it examines all 

possible grouping of points which means that it can become very computationally expensive (Calinski 

& Harabasz, 1974). A larger CH index is preferred as this demonstrates a larger cluster separation 

relative to the cluster compactness (Jauhiainen & Kärkkäinen, 2017). 

1.4.2.2.2.5 Kelley Index 

The Kelley index is different from the other indexes as this index penalises clusters that contain a 

large number of singletons as these are not desired. 
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Where n is the number of points, kl is the number of cluster, ὨӶ the mean of the intra-cluster 

distances and min(ὨӶ) and max(ὨӶ) are the minimum and maximum of the intra-cluster distances. 

The singletons are excluded from this calculation, therefore, this equation penalises where there are 

a large number of singletons. The better the clustering the lower the value of the Kelley index (Kelley, 

Gardner, & Sutcliffe, 1996). 

1.4.2.2.2.6 Ball-Hall Index 

Ball-Hall (BH) index is one of the indexes that only takes into account the intra-cluster distances. 
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Where K is the number of clusters and nk is the number of data point in the kth cluster. The desired 

level is known as 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 chosen (Ball & Hall, 1965). 

 

1.5 Visualisation of Chemical Space 
Many different visualisation techniques have been used to help medicinal chemists easily interpret 

and identify relationships between chemical structures and activities. They can also be important in 

suggesting chemical space to further explore or exploit and display a large amount of data without 

any bias. This can either be to focus on one compound or to explore a larger set of compounds that 

have the potential to be biologically active (Kayastha, Kunimoto, Horvath, Varnek, & Bajorath, 2017; 

Wawer et al., 2010; Wollenhaupt & Baumann, 2014). Additionally, visualisation is crucial as it allows 

complex problems to be simplified to aid the decision-making process. It can provide information on 

which molecules to prioritise, while also providing information on how diverse a chemical series is, 

along with key SAR analysis with ADMET properties. Unfortunately, due to the complex nature of 

chemical space, which is frequently multi-dimensional, it is challenging to represent it in fewer 

dimensions to make it human readable (Medina-Franco et al., 2008). 

Four common uses of visualisations were identified by (Stumpfe & Bajorath, 2016) are shown in Figure 

1-18. Firstly, is plotting the compounds in a low dimensional 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 partitioning. Finally, they can be used to relate chemical structures to properties of 

interest, typically active values. 
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Figure 1-18: Different visualisation approaches (Stumpfe & Bajorath, 2016) 

1.5.1 Generation of Structure-Activity Relationship Tables 
A unique way for chemists to display their data is in a structure-activity relationship (SAR) table. SAR 

tables are a way of uniformly representing chemical data within a table. This is done so the medicinal 

chemists can easily interpret and analyse the chemical space that has been explored. 

1.5.1.1 Traditional SAR tables 

A traditional SAR table is also known as a R-group table. Each row represents a chemical structure 

and the columns represent different R-groups with the corresponding chemical substitution in the 

cell. The final column represents the biological activity value of the molecule. These tables have been 

used for many years as chemists find them easy to comprehend. However, they can be time-

consuming to generate and also difficult to fully and critically analyse (Agrafiotis, Shemanarev, et al., 

2007).  
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Traditional SAR tables were generated manually however they are then subjective and different 

chemists may organise the data differently using a different core scaffold and different definitions 

of the R groups. This could have a large impact if the tables are analysed automatically or are fed 

into another system as the different variations could lead to different results. This type of R-group 

table is also not able to deal with large datasets (Wollenhaupt & Baumann, 2014). Different methods 

are being developed to overcome these disadvantages.  

1.5.1.2 SAR Matrices 

SAR matrices were developed in 2007 by Agrafiotis et al. with the main aim to help medicinal 

chemists see relationships within their data algorithmically without the need of a chemistΩs input. A 

SAR matrix is a table where the columns are different R groups and the rows are different cores such 

that each cell is a unique molecule that can be coloured according to its biological activity, or 

physicochemical property that is being investigated. This can easily allow the medicinal chemist to 

identify areas of chemical space that have not been investigated, see Figure 1-19 (Agrafiotis, 

Shemanarev, et al., 2007). These matrices are generated through a mixture of MMP analysis and 

clustering. One cluster can easily be seen in Figure 1-19, the highlighted molecule is the combination 

of the core (row) and the R-group (column) (Stumpfe & Bajorath, 2016). 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 molecules (Yoshimori & Bajorath, 2020). 

 

Figure 1-19: SAR matrix (Stumpfe & Bajorath, 2016) 

1.5.1.3 Radial Scope Plot 

Recently, there has been a new visualisation to display structure-data 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 R-groups (Rodríguez Benítez, Dürr, & Narayan, 2020). Heatmaps will 
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be discussed further later. These radial scope plots attempt to demonstrate the R-groups that impact 

the conditions that are of interest.  

 

Figure 1-20: A) Traditional substrate scope plot, one core with multiple R-groups. B) A table representation of the substrate 
information. C) Radial scope plot for two different conditions. (Rodríguez Benítez et al., 2020) 

 

1.5.2 Structure-Activity Similarity Maps 
Structure-activity similarity (SAS) maps 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 differs from the SAR matrix as each point in the 

scatterplot is a molecular pair rather than a singular molecule. Figure 1-21 shows the four major 

regions that are associated with SAS maps. These regions help to identify where there is a high/low 

structure similarity and/or a high/low activity difference. Region II is a region with smooth SAR where 

there is a high molecular similarity and a low activity difference. Region IV is where the activity cliffs 

are as they contain high molecular similarity and high activity difference. Region I is the scaffold 

hopping region which is important and this is located across from the activity cliffs. Region III is an 

uninteresting region (Saldívar-González, Naveja, Palomino-Hernández, & Medina-Franco, 2017). 
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Figure 1-21: SAS map showing the four major regions (Saldívar-González 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 due to the plotting of N2 data 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 that 

region, therefore, giving the frequency of the data points within that area (Saldívar-González et al., 

2017). 

 

1.5.3 Networks 

Chemical space networks were originally developed in 2014 by Maggiora et al. In a chemical space 

network, each molecule is represented as a node and the edges connect two molecules if their 

pairwise similarity is above a certain threshold. The network structure represents the chemical space 

by capturing the discrete pairwise similarity of molecular structures rather than just the molecules 

themselves. This means that it ŘƻŜǎ ƴƻǘ ǎǳŦŦŜǊ ŦǊƻƳ ǘƘŜ ΨŎǳǊǎŜ ƻŦ ŘƛƳŜƴǎƛƻƴŀƭƛǘȅΩΦ Lƴ ŀŘŘƛǘƛƻƴΣ ƛǘ 

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 representation is defined (G. M. Maggiora & Bajorath, 2014) 

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

cliffs where a slight change in chemical structure, whilst retaining a similar functionality (same RG), 
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can have a huge impact on the biological activity (Wollenhaupt & Baumann, 2014). Like many other 

visualisation techniques, network maps can be nicely complemented with the use of colour, as it 

allows a user to quickly and easily establish relationships between structure and activity. Two 

methods that are of interest are InSARa and SARANEA, as they use networks to display chemical 

information.  

1.5.3.1 InSARa 

InSARa is a chemical space 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 MCS they belong to. 

The network consists of a root node as the smallest RG-MCS of the cluster. This is then expanded 

out to more nodes, which contain subsets of the cluster represented by larger RG-MCS. Then, the 

molecules are placed onto the network attached to the largest possible RG-MCS of a cluster, see 

Figure 1-22. This visualisation allows easy identification of activity cliffs, pharmacophoric features of 

the chosen target and SAR hotspots (Wollenhaupt & Baumann, 2014). If a RG-MCS node has all red 

coloured attached nodes bar one being green, then this would demonstrate an activity cliff. Whereas 

a SAR hotspot would be if there were multiple occurrences of all colours at a single RG-MCS node. 

 

Figure 1-22: a) A prototype of the inSARa network. b) Import the chemical structures using Cytoscape with the chemViz plugin 
(Wollenhaupt & Baumann, 2014) 

1.5.3.2 SARANEA 

SARANEA is a network similarity graph that explores a datasetΩs structure-activity relationship (SAR) 

and structure-selectivity relationship (SSR). Due to the structure and purpose of the SARANEA 

visualisation, it gets its name SAR due to the exploration of SAR analysis within this work and ANEA 

comes from araneae the scientific term for spider's webs which refers to the likeliness of network 

graphs to spider webs. 
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A node within the network represents a molecule within the dataset; the node's colour depends on 

the bioactivity of that molecule. The edges demonstrated between the nodes are if the two 

connected molecules have a structural similarity above a predefined threshold. Additional 

information is provided in the form of two numerical scores. A discontinuity score estimates the 

contribution from an individual molecule to the disagreement with the datasets SAR. A cliff 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 cliff (Lounkine, Wawer, Wassermann, & 

Bajorath, 2010).  

 

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 from computer science. 

GTM is a similar visualisation technique to SOM. However, with GTMS the input data is not mapped 

exclusively to one node, instead, the mapping is based on probability distribution function. 

Therefore, a compound can map to multiple nodes with a probability so that the multiple nodes can 

share a compound (Stumpfe & Bajorath, 2016).  

 

1.5.5 Radial Clustergrams 

Radial clustergrams are similar to dendrograms. Dendrograms 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 layer. Radial 

clusters are considered to be the most effective and efficient way to visualise large amounts of data 

on a screen (Agrafiotis, Bandyopadhyay, & Farnum, 2007). 
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Figure 1-23: A radial clustergram, each strand are trees and the colour corresponds to the properties of the tree (Agrafiotis, 
Bandyopadhyay, et al., 2007) 

Radial clustergrams are different from other methods as they do not display their data in a linear 

manner. The radial clustergram gets its name from it being a circular representation around a node, 

see Figure 1-23. Colour coding can be added to it to be able to clearly understand the properties and 

the molecular structures (Ivanenkov, Savchuk, Ekins, & Balakin, 2009). 

 

1.5.6 Heat Maps 

Heat maps are visualisation techniques that are suitable for large datasets and consequently, they 

have grown in their use recently due to an increase in the size of compound datasets. As traditionally, 

high quantity and high-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 region, generally the more data points the warmer the colour but this is 

dependent on how the map is constructed (Auman, Boorman, Wilson, Travlos, & Paules, 2007). This 

allows high-density 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, 

however, they have started to be used in chemoinformatics where there is a need to put high-density 

information into a visual representation that allows a proper biological context to be identified such 

as hot spots and clusters of biological activity. The difference in colours assists in hypothesis-

generating or data interpretation (Juneau, 2015). 
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1.5.7 Scaffold Visualisations 

There have been several visualisations that have been designed specifically to demonstrate the 

scaffolds that are present within a dataset and how molecules can vary around the scaffold. Various 

scaffold visualisations have been reviewed further.  

1.5.7.1 The Scaffold Tree 

The scaffold tree was developed in 2007 that creates a hierarchical tree like structure 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 molecule the 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 scaffold (Schuffenhauer et al., 2007). The scaffold tree has sequentially been 

expanded and transformed into an open source library scaffold graph (Scott & Edith Chan, 2020). 

²ŜǘȊŜƭΩǎ ǎŎŀŦŦƻƭŘ ƘǳƴǘŜǊ ǘƻƻƭ ǘŀƪŜǎ ŀŘǾŀƴǘŀƎŜ ƻŦ ǘƘŜǎŜ ǎŎŀŦŦƻƭŘ ǘǊŜŜǎ ǘƻ ŎǊŜŀǘŜ ŀƴ ƛƴǘŜǊŀŎǘƛǾŜ ǘƻƻƭ 

that uses the hierarchical structure along with the structure-activity relationships (Wetzel 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 information about 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 branches corresponds to the molecular similarity, Tanimoto 

similarity. The molecules are represented as extended connectivity fingerprints (ECFP).  The size, the 

colour and the outline of the node are all user-defined based upon their interest and chosen 

properties (Lu & Carlson, 2016). An example of the ChemTreeMap can be Figure 1-24. 
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Figure 1-24: ChemTreeMap example of Chk1 dataset 

1.5.7.3 AnalogExplorer and AnalogExplorer2 

AnalogExplorer is a graphical method that examines analogue series within a dataset. The 

AnalogExplorer tool works by generating Bemis-Murcko scaffolds and then potential MMP adapted 

scaffolds. By allowing slight adaptions it tries to combine closely related series' so similar SARs can 

be identified. These adaptations have two strict rules, the MMP transformation maximum size of the 

exchanged fragment is thirteen non-hydrogen atoms and the size difference between the two 

scaffolds must be less than eight non-hydrogen atoms. By using MMP transformations, it attempts 

to display activity cliffs and R-groups responsible for the cliff. The R-groups decomposition then 

occurred to identify all substitution sites around the scaffold whilst also identifying the R-groups 

(Zhang, Hu, & Bajorath, 2014). AnalogExplorer2 uses the same principals, however, the methodology 

is sensitive to the molecules' stereochemistry within the scaffold and R-groups (Hu, Zhang, Vogt, & 

Bajorath, 2015).  

The AnalogExplorer is a directed hierarchical graphical representation, Figure 1-25a. The number of 

layers equates to the number of R-groups demonstrated. Therefore, it shows all possible substitution 

sites and site combinations that are currently present within the series. The beginning node is the 

analogue without any R-groups being added. Each layer indicates a different substitution site. The 

node size is the number 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. When a node does not contain 

a colour, this indicates that there are no corresponding molecules that only contain R-groups to this 

level. AnalogExplorer is a methodology that attempts to utilise the reduction in information by 



 
 

40 
 

creating its own reduced graph via excluding redundant nodes, Figure 1-25b. As once the chemical 

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

the positioning is determined by DAGLaout algorithm of Java package JUNG όάWŀǾŀ ¦ƴƛǾŜǊǎŀƭ 

bŜǘǿƻǊƪκDǊŀǇƘ CǊŀƳŜǿƻǊƪΣέ нлнлύ. 

 

Figure 1-25: Prototypic AnalogExplorer for Androgen receptor (Zhang 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 pre-defined rules. The rdScaffold network then represents these 

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 chains), 

fragmentation (according to the rules) or as generic (replacement of non-carbon atoms with carbon 

atoms) (Kruger, Stiefl, & Landrum, 2020). 

1.5.7.5 LASSO 

Another scaffold representation is the layered skeleton-scaffold organisation (LASSO) graph. The 

scaffolds within the 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 chart demonstrates the activity 

values. A demonstration of how the LASSO graph can be generated is in Figure 1-26. Figure 1-26a is 

a dataset and their corresponding activity values. Figure 1-26b shows the generation of the cyclic 

skeletons and relating pie charts. Figure 1-26c demonstrates how the information can be layered. In 

the LASSO graph the chemical structures are replaced with the activity pie charts (Gupta-Ostermann, 

Hu, & Bajorath, 2012). 
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Figure 1-26: Illustration of how the LASSO graph is generated (Gupta-Ostermann et al., 2012) 

 

1.6 Molecular Generation 
The final chemoinformatics approach to be examined is molecular 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 atom-based or fragment-based. Several of which will 

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

introduced to construct molecules to fit the binding site of a receptor. A molecule is grown atom-by-

atom to ensure that the molecule can fit within the pocket and form potential hydrogen bonds 

(Bohacek & McMartin, 1994; Nishibata & Itai, 1991). However, these methods can produce vast 

number of molecules that are either not valid or do not resemble drug-like molecules. More 

advanced methods of atom-based 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 networks (N. Brown et al., 2020). 

One of particular note, is the method developed by Pogány et. al (Pogány, Arad, Genway, & Pickett, 

2019). This is a deep learning method that takes an RG as an input string and returns SMILES strings 

of molecules that should have the same RG as the input string. This method is a long short-term 

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 can relate to RGs.  

As well as building molecules based on RG structures there have also been implementations that are 

based upon scaffolds. Langevin et. al recently incorporated recurrent neural networks and scaffolds 

to constrain the molecular generation to just a scaffold. A disconnected SMILES with wild atoms, *, 

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

atoms to perform a scaffold transformation (Langevin, Minoux, Levesque, & Bianciotto, 2020). 

Another scaffold-based method is a variational autoencoder that allows a scaffold to be inputted 

and is grown atom or bond at a time (Lim, Hwang, Moon, Kim, & Kim, 2020). 

Another recent method looks at exploiting scaffolds and fragmentation rules. A scaffold is decorated 

in either a multi-step process or single-step process. The decorators were created using MMPs or 

RECAP rules. One molecule in the training set can contain multiple scaffolds, and therefore, multiple 

decorations. However, all scaffolds have to retain one ring system and comply with the rule of 3. 

Additionally, the decorator fragments can only contain one attachment point and the scaffold can 

have up to four. These are then used to train a scaffold generator model, recurrent neural network, 

and a decorator model, a bidirectional recurrent neural network. (Arús-Pous et al., 2020).   
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1.6.2 Fragment-Based 

In contrast, fragment-based approaches instead of building molecules atom-by-atom are based upon 

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

The fragments can be any size. 

An early fragment-based de novo design method is 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 step-wise manner based upon the physicochemical properties of new 

fragments. The Topliss tree was first used to alter the substitution on an aromatic ring (Topliss, 1972). 

More modern versions based on similar principles to the Topliss tree are molecules generated from 

MMPs (Dossetter, Griffen, & Leach, 2013; Griffen et al., 2011) or apparent well-known functional 

group changes (Stewart, Shiroda, & James, 2006).  

Several approaches alternatively, have rules that are implemented to fragment a molecule for part 

of the molecule to then be replace with a different fragment, examples are RECAP (Lewell, Judd, 

Watson, & Hann, 1998), BREED (Pierce, Rao, & Bemis, 2004) and BRICS (Degen, Wegscheid-Gerlach, 

Zaliani, & Rarey, 2008). These three methods will all be described further in Chapter 8.  

Another method that use uses fragment mutations is PolishchukΩǎ CReM method (P. Polishchuk, 

2020). The CReM method looks at fragmenting the molecule and then using 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.  

Fragment-based methods have also been developed with chemical scaffolds 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 building 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 graph (Jin, 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 analyst techniques. 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 representations can be transformed into descriptors for data mining applications through 

mathematical procedures that allow the characteristics and properties of the chemical structures to 

be captured. Fingerprints are one of the most common descriptors, of which there are many 

different types: atom-based, path-based, 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 when 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 

ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ Řƻǿƴ ǘƻ ŀ ƳƻǊŜ ŎƻƳǇŀŎǘ ŦƻǊƳ ǘƘŀǘ ŜȄǇƭŀƛƴǎ ǘƘŜ ƳƻƭŜŎǳƭŜǎΩ ǇƻǘŜƴǘƛŀƭ ōƛƴŘƛƴƎ abilities.  

Molecular descriptors form the input to a variety of data mining and machine learning techniques in 

which the computer aims to identify patterns in the data. A key aim is to learn information to create 

models that relate the descriptors to the biological activities of the molecules so a prediction can be 

made for a previously unseen molecule. Other 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 molecular relationships. Some of the visualisation 

general techniques and scaffold visualisations used in chemoinformatics have been reviewed, 

however, there are varied approaches to indicating the chemical space that has been explored whilst 

also showing potential chemical space to work in. This can be used to aid QSAR problems in the drug 

discovery process, in key stages such as lead optimisation. It has 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 chemist. As good as visualisations are, they are not a replacement for 

quantitative numbers and analytics and statistics. Visualisation are a tool to further aid decisions and 

understanding of data. 

Finally, within this chapter, several different approaches to molecular generation were examined. 

Both atom and fragment-based 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 thesis. The next 

chapter shall focus on attempting 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 toxicity (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 the 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 2-1, 

where the scaffold has different substitution points identified on the ring, indicated through the use 

of arrows. Several different suggestions of substructures at these different substitution points are 

shown. LO datasets are typically represented through structure-activity relationship (SAR) tables and 

Markush structures. Markush structures 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 position (Agrafiotis, Shemanarev, Connolly, Farnum, & Lobanov, 2007; Hu, Stumpfe, & 

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 usefulness 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 Chemoinformatics to represent and search Markush structures in chemical patents, 

to identify SAR and for scaffold-hopping. (Barker et al., 2006; Barker, Gardiner, Gillet, Kitts, & Morris, 

2003; Birchall, Gillet, Harper, & Pickett, n.d., 2008; Birchall, Gillet, Willett, Ducrot, & 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 that have 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 RG, Chapter 1. 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 in the 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 under-explored. 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.  

 

Figure 2-1: 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 visualised. 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. Figure 2-2 shows an example of what 

the approach is trying to achieve. This hypothetical LO series consists of molecules 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 three RG 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 acceptor (HBD-HBA) and 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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Figure 2-2: 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 

node types. a) A RG core, where Ga is an acyclic HBA node, Ce is an aliphatic HBD-HBA 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 chemical graph show 

how atoms map to the RG nodes.  

The generation of RG cores for a dataset and to ultimately visualise them is comprised of several 

steps. The overall workflow is shown in Figure 2-3. A more detailed workflow where each of the 

steps has been expanded is shown in Figure 2-4.  

 

Figure 2-3: Optimised Workflow 
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Figure 2-4: Experimental workflow followed to optimise the overall workflow  

To extract the RG cores from a dataset 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 respective core with 

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 steps in constructing the visualisation tool are described in the next three 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 investigated 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 similarity method which 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 publicly available 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 neurokinin receptor 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 ChemTreeMap (Lu & Carlson, 2016). The five datasets were extracted from BindingDB, 

ChemBank and ChEMBL20 and consist of: cyclin-dependant kinase 2 (CDK2); checkpoint kinase 1 

ό/ƘƪмύΤ ŎȅǘƻŎƘǊƻƳŜ tпрл о!п ό/ȅǘƻύΤ ŎƭƻǘǘƛƴƎ ŦŀŎǘƻǊ ·ŀ όCŀŎǘƻǊ·ŀύΤ ŀƴŘ Ǉоуʰ a!t ƪƛƴŀǎŜ όǇоуʰύΦ !ƭƭ 

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 out molecules that contained 

more than 50 heavy atoms. These were too complex to process and led to high computational costs. 

Table 2-1 shows the number of molecules in the datasets after cleaning.   

Table 2-1: The datasets and the number of molecules contained in each 

Name of Dataset Number of Molecules 

Bajorath 2549 

CDK2 1368 

Chk1 106 

Cyto 6370 

FactorXa 1956 

Neurokinin 2475 

P2x7 2259 

P2x7 Subset 691 

Ǉоуʰ 3644 

 

A further pre-processing 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 may cluster compounds 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 reduced 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 Figure 2-5. The coloured 

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 aliphatic ring 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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Figure 2-5: 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 similar with similar 

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 python and RDKit. 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 acceptor (HBA) 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, there can 

be many different variations of the RG for one molecule.  
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Figure 2-6: RG generation workflow alongside an example 

Figure 2-6 indicates the workflow undertaken to generate a RG from a molecule. The RG code initially 

identifies functional groups that are: HBD; HBA; or both hydrogen bond donor and acceptor (HBD-

HBA), with the definitions being read in from an input file. The definitions are in SMILES Arbitrary 

Target Specification (SMARTS) format (Daylight, n.d.). 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: non-bonding; HBA; HBD or 

HBD-HBA. 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 a molecule are 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 HBD-HBA would also be collapsed together. An exception 

to combining adjoining alike atoms are atoms 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 represent 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 parameter is used, 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 carbon atom is 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 node, Figure 2-7.  

 

Figure 2-7: 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 shown in Table 2-2. The RGs are 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 labelled as a wild atom. For example, a phenyl ring will be represented by a node labelled as 

No and annotated by c1ccccc1. Within this implementation, only HBA and HBD definitions were 

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

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

Node Definition SMILES code 

Acyclic inert Li 

Acyclic HBA Ga 

Acyclic HBD Gd 

Acyclic HBD-HBA Ge 

Aromatic inert No 

Aromatic HBA Na 

Aromatic HBD Nd 

Aromatic HBD-HBA Ne 

Aliphatic inert Co 

Aliphatic HBA Ca 

Aliphatic HBD Cd 

Aliphatic HBD-HBA Ce 

Metal Au 

Complex Hg 

 

The default RG is illustrated in Table 2-3 for several simple chemical graphs. The default RG is the 

simplest form used here. The node types consist 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 HBA-HBD. 

The first four examples in Table 2-3 consist of 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 a Ge 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 third molecule, both of the oxygen 

atoms are assigned to a single node as they are adjacent. The fourth molecule is a benzene ring and 

all of the atoms are non-bonding aromatic atoms. These are all part of the same ring and they are 

therefore combined into one node. 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 atoms that are hydrogen 

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 HBD-HBA node (Ge) representing the 

amine group and an Acyclic inert node (Li) which represents 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 different types which can be set independently as on or off: 

ǒ Terminal carbon chain  

ǒ Complex 

ǒ Double bond 

ǒ Metal 
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Table 2-3: Table showing simple chemical graphs and reduced graphs 

 

 

Figure 2-8: Example of the various user parameters and how they can affect the RG definitions 

Figure 2-8 and Figure 2-9 show several larger molecules to illustrate how the RGs vary when different 

parameters are used. Figure 2-8 demonstrates the effect of the first three parameters. The default 

setting is that none of the four parameters are set. The fused ring within Figure 2-8 results in two Co 

nodes connected by a double bond. When the terminal carbon chain parameter is set, terminal 

carbon chains are identified as linker nodes, Figure 2-8 (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 case, the 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 

and the receptor. ¢ƘŜ άŎƻƳǇƭŜȄέ ǇŀǊŀƳŜǘŜǊ ŘŜŦƛƴŜǎ ƘŜǘŜǊƻŀǘƻƳǎ ƻǊ ōǊŀƴŎƘŜŘ ƎǊƻǳǇǎ ƴƻǘ ǇǊŜǾƛƻǳǎƭȅ 

identified as nodes, note that this does not include straight-chain carbon groups. Therefore, 

branched terminal carbon chains fall into this category, but single carbon atoms do not. The results 

ƻŦ ǳǎƛƴƎ ǘƘŜ άŎƻƳǇƭŜȄέ ǇŀǊŀƳŜǘŜǊ Ŏŀƴ ōŜ ǎŜŜƴ ƛƴ Figure 2-8 (c). The double bond parameter retains 

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 allows any resonance occurring in the molecule to be 

retained, as demonstrated in Figure 2-8 (d).  

 

Figure 2-9: Example of the metal parameters being used on cisplatin  

Finally, as shown in Figure 2-9, the metal parameter 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 used, just one 

node is found for the molecule in Figure 2-9: an acyclic HBA-HBD node, Ge. This is because the NH3 

functional groups are classified as acyclic hydrogen bond donor and acceptor groups. The platinum 

is defined as a hydrogen bond acceptor due to the hydrogen bond 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 is identified as a metal node, and all of the atoms form separate nodes.  

 

2.2.3 Molecular Descriptors 

CƻǳǊ ŘƛŦŦŜǊŜƴǘ ŘŜǎŎǊƛǇǘƻǊǎ ǿŜǊŜ ǳǎŜŘ ŦƻǊ ǘƘŜ ŎƭǳǎǘŜǊƛƴƎ ŜȄǇŜǊƛƳŜƴǘǎΥ ǘƘŜ ŎƘŜƳƛŎŀƭ ƎǊŀǇƘ ό/DύΣ w5YƛǘΩǎ 

Morgan radius 2 fingerprint (M2FP), the reduced graph (RG), and a reduced graph fingerprint (RGFP), 

respectively. The M2FP and CG descriptors are based on the original all-atom structures and allow 
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similarity to be calculated using a fingerprint and a maximum common subgraph (MCS) approach, 

respectively. The chemical 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 by setting 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 

ƻōƧŜŎǘ όάw5YƛǘΥ hǇŜƴ-{ƻǳǊŎŜ /ƘŜƳƻƛƴŦƻǊƳŀǘƛŎǎΣέ нлмуύΦ ¢ƘŜ wD ǿŀǎ ƎŜƴŜǊŀǘŜŘ ǳǎƛƴƎ ǘƘŜ ƳŜǘƘƻŘǎ 

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 

similarity 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.  

Pairwise 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 (cMCS), as shown in Figure 2-10. 

The parts highlighted in red are the atoms and bonds that are involved in the MCS.  Figure 2-10a 

shows the connected cMCS. Figure 2-10b shows the disconnected dMCS. The dMCS is made up of 

two components which are shown by the blue wavy 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 using the 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 Figure 2-10.  
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Figure 2-10: Example of a connected (a) and a disconnected (b) MCS 

¢ƘŜ a/{ ǿŀǎ ŎŀƭŎǳƭŀǘŜŘ ǳǎƛƴƎ w5YƛǘΩǎ ƛƳǇƭŜƳŜƴǘŀǘƛƻƴ όάw5YƛǘΥ hǇŜƴ-{ƻǳǊŎŜ /ƘŜƳƻƛƴŦƻǊƳŀǘƛŎǎΣέ 

2018). The MCS algorithm is configured to compare the edges (bonds) as well as the nodes (atoms) 

so that, for example, a benzene ring does not match a cyclohexane ring. The MCS algorithm in RDKit 

is currently only able to find the cMCS. Therefore, an iterative process was implemented that 

identified the initial 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 Figure 2-11, where the 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 fragments get 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 

implementation. 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 not implemented here.  
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Figure 2-11: 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 smaller 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 recognise two RGs 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 atom. Since this work was undertaken 

RDKit now allow one atom to be the MCS. 

Once the MCS has been found, the similarity is calculated using the graph-variant of the Tanimoto 

coefficient (Maggiora & Shanmugasundaram, 2004).  

 Ὕὧ 
ὓὅὛ

ὃ ὄ ὓὅὛ
  (2.1) 

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 chemical graphs 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 algorithms: Butina (sphere 

exclusiƻƴύΣ ŀƎƎƭƻƳŜǊŀǘƛǾŜ ό²ŀǊŘΩǎύΣ ŀƴŘ Y-means. These were implemented using algorithms in 
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w5Yƛǘ ŀƴŘ ǘƘŜ ǎŎƛƪƛǘ ƭŜŀǊƴƛƴƎ ǇŀŎƪŀƎŜ όtŜŘǊŜƎƻǎŀ Ŝǘ ŀƭΦΣ нлммΤ άw5YƛǘΥ hǇŜƴ-Source 

/ƘŜƳƻƛƴŦƻǊƳŀǘƛŎǎΣέ нлмуύΦ ¢ƘŜǎŜ ǘƘǊŜŜ ŎƭǳǎǘŜǊ ƳŜǘƘƻŘǎ ǿŜǊŜ ŎƘƻǎŜƴ ōŜŎŀǳǎŜ ǘƘŜȅ ǊŜǇǊŜǎŜƴǘ the 

main methods applied to chemical datasets and include both hierarchical and non-hierarchical 

approaches.  

Different parameters were investigated for each method. For the agglomerative and K-means 

methodologies, the number of clusters is user-defined. In agglomerative clustering, the number of 

clusters to be output has to be specified due to the hierarchical nature. For K-means clustering, the 

number of clusters (K) is defined upfront. For both of these methods, the number of clusters was 

varied between 2 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 molecular descriptors 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 Validity Analysis 
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 2-2 was met. Equation 2-2 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.  

 
ὲόάὦὩὶ έὪ ὧὰόίὸὩὶίὲόάὦὩὶ έὪ ίὭὲὫὰὩὸέὲί

ὲόάὦὩὶ έὪ άέὰὩὧόὰὩί

ς
 

 (2.2) 

There are three types of clustering validity statistics: internal, external and relative. Those 

predominately studied in this chapter are 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 and v-measure; 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 label. The 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 the v-measure is based on a combination of 
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the homogeneity 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 cluster. The advantage 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 practice. 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 comparable across different 

descriptors, the internal cluster indexes cannot be compared across the different descriptors. The 

internal indexes that were used are: Ball-Hall index; Calinski Harabasz; Davies-Bouldin; Dunn; Kelley; 

and silhouette average. These have been defined in Chapter 1.  

 

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 that is contained in 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 RGs. Figure 2-12 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 user-defined similarity cut off is identified as the centroid. 

3) CƛƴŘ ǘƘŜ Ƴƻǎǘ Řƛǎǘŀƴǘ ƴŜƛƎƘōƻǳǊ ǿƛǘƘƛƴ ǘƘŜ ŎŜƴǘǊƻƛŘΩǎ ƴŜƛƎƘōƻǳǊǎ ŀƴŘ ŎŀƭŎǳƭŀǘŜ ǘƘŜ a/{ 

between these two RGs. This MCS is then set as the current representative (curr_rep_MCS) 

for a core MCS.  

4) For all other 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 the RG, 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 user-defined 

nodes, and it must be a subgraph of the current representative. 

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 the search 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 with a core the process stops. 

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

 

Figure 2-12: Flowchart of establishing the RG core 

Figure 2-13 and Figure 2-14 both show implementation examples of this workflow. Figure 2-13 

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 determined. The 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.  

 

Figure 2-13: First example of the RG core extraction methodology  

Figure 2-14 shows a more complex example when the original MCS is not present within all the 

molecules. This is the same dataset as in Figure 2-13, but 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 molecules 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 

is constructed. 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 new candidate 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 RG core is identified in both Figure 2-13 and Figure 2-14 but 

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

varied.  
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Figure 2-14: Second example of the RG core extraction methodology 

2.2.7.1 Re-examining 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 core and is associated with each RG core that it contains so the number of molecules that 

map to the RG core can increase. In some instances, the RG core could have been initially generated 

from a single RG, due to the re-examination step it can now be represented by multiple RGs and 

ultimately molecules, Figure 2-15. RG cores can also represent molecules across several clusters. 
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Figure 2-15: An example of how the number of mapped molecules to a RG core can vary  

 

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 

avoided to lower computational costs. Multiple cores were expected as the variation of the RGs will 

be greater than when considering a subset that has been pre-clustered.  

 

2.3 Results and Discussion  
An analysis of descriptors and clustering methods showed that M2FP and agglomerative clustering 

ƎŀǾŜ ǘƘŜ ōŜǎǘ ǇŜǊŦƻǊƳŀƴŎŜ ŎƻƳǇŀǊŜŘ ǘƻ ŀ άƳŀƴǳŀƭέ ŎƭǳǎǘŜǊƛƴƎ ŀƴŘ ǘƘƛǎ ǿŀǎ ǎŜƭŜŎǘŜŘ ŦƻǊ ŦǳǘǳǊŜ 

studies. However, there was variation within the dataset and no universally best method could be 

identified. RG cores were then extracted from these clusters. 

2.3.1 Reduced Graphs 
The number of unique RGs for each dataset can be seen in Table 2-4, using the default RG type. Table 

2-4 also displays the average size of the molecules and the average size of the RGs. The average sizes 

are rounded to the nearest whole number. Table 2-4 demonstrates 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 of the descriptors can be recognised 

by the decrease in the average sizes of the RGs compared to the molecules. Some datasets undergo 
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more compression than others. For example, the Neurokinin dataset contains fewer molecules than 

the Bajorath dataset, however, the Bajorath 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.  

Table 2-4: Table showing the number of RG generated for each dataset 

Name of 

Dataset 

Number of 

Molecules 

Average Size 

of Molecule 

Number of Unique 

RG (default) 

Average Size of 

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 

Ǉоуʰ 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. Table 2-5 shows the number of unique RGs and 

the average size of the RGs for the different types of RG for the p2x7 Subset dataset and 

demonstrates that the number of RGs varies depending on the parameters set. Table 2-5 illustrates 

that as the definition of the RG becomes more complex the number of unique reduced graphs 

increases and some 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 metals are present. 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, where apart 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. 
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Table 2-5: A comparison of the effect of the different RG parameters on the number of RG for the P2x7 subset dataset 

Parameter Number of Unique RG 
Average Size of RG (rounded 

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 Metal 220 10 

Double Bond and Metal 162 9 

Terminal, Complex and Double 
Bond 

222 10 

Terminal, Complex and Metal 222 10 

Terminal, Double Bond and 
Metal 

163 10 

Complex, Double Bond and 
Metal 

220 10 

Terminal, Complex, Double 
Bond and Metal 

222 10 

 

2.3.2 Similarity 

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 of the data within the matrices was also carried out. Figure 2-16 shows 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 lower end of the 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 cMCS 

peaks. It is also evident that 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 of values. 

Table 2-6 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 dissimilar and, therefore, 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 P2x7 are 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 distribution of the molecules. 

If the mean is greater than the median, then this is a right positive skew, which means that there are 

some high-value similarity outliers. Whereas, when the median is greater than the mean, there is a 

left negative skew where there are some low-value similarity outliers.  
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Figure 2-16: 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) FactorXa f) Neurokinin g) P2x7 h) P2x7 Subset i) p38a 
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Table 2-6: Table showing the mean, median and mode of the similarity distribution for each of the molecular descriptors for each 
dataset 

Dataset 
Molecular 

Descriptor 

Overall Average 

Pairwise Similarity 

Overall Mode 

Pairwise Similarity 

Overall Median 

Pairwise Similarity 

Bajorath 

M2FP 0.154 0.125 0.129 

RGFP 0.101 0.100 0.085 

RG Connected 0.165 0.125 0.133 

RG Disconnected 0.432 0.500 0.417 

CG Connected 0.194 0.143 0.160 

CG Disconnected 0.523 0.500 0.512 

CDK2 

M2FP 0.128 0.100 0.111 

RGFP 0.082 0.000 0.074 

RG Connected 0.157 0.143 0.143 

RG Disconnected 0.362 0.333 0.357 

CG Connected 0.214 0.167 0.191 

CG Disconnected 0.489 0.500 0.484 

Chk1 

M2FP 0.235 0.167 0.161 

RGFP 0.145 0.083 0.105 

RG Connected 0.259 0.143 0.182 

RG Disconnected 0.444 0.500 0.417 

CG Connected 0.324 0.200 0.238 

CG Disconnected 0.570 0.500 0.556 

FactorXa 

M2FP 0.168 0.143 0.145 

RGFP 0.111 0.100 0.098 

RG Connected 0.178 0.118 0.150 

RG Disconnected 0.472 0.500 0.462 

CG Connected 0.204 0.167 0.173 

CG Disconnected 0.541 0.500 0.540 

Cyto 

M2FP 0.114 0.111 0.104 

RGFP 0.074 0.000 0.067 

RG Connected 0.149 0.167 0.133 

RG Disconnected 0.333 0.333 0.333 

Neurokinin 

M2FP 0.139 0.125 0.125 

RGFP 0.087 0.000 0.075 

RG Connected 0.166 0.167 0.143 

RG Disconnected 0.383 0.500 0.375 

CG Connected 0.228 0.250 0.206 

CG Disconnected 0.457 0.500 0.463 

P2x7 

M2FP 0.171 0.143 0.148 

RGFP 0.095 0.000 0.080 

RG Connected 0.190 0.143 0.167 

RG Disconnected 0.412 0.500 0.400 

CG Connected 0.270 0.200 0.229 

CG Disconnected 0.489 0.500 0.481 

P2x7 

Subset 

M2FP 0.267 0.167 0.228 

RGFP 0.169 0.125 0.133 

RG Connected 0.352 0.214 0.286 

RG Disconnected 0.553 0.500 0.545 

CG Connected 0.448 0.333 0.405 
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CG Disconnected 0.588 0.500 0.576 

tоуʰ 

M2FP 0.140 0.125 0.127 

RGFP 0.098 0.000 0.091 

RG Connected 0.174 0.143 0.154 

RG Disconnected 0.424 0.500 0.417 

CG Connected 0.217 0.167 0.182 

CG Disconnected 0.525 0.500 0.524 

 

Figure 2-17: 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. Figure 2-17 displays the 

distribution of similarity values for the various RG types for the P2x7 subset. Overall, the 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 differences 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 more effective 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, similarity 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. Table 2-7 shows the results 

for each combination of RG parameters for the P2x7 subset dataset when clustered via 

ŀƎƎƭƻƳŜǊŀǘƛǾŜ ό²ŀǊŘΩǎύΣ Y-means and Butina algorithms, using RG cMCS as the similarity metric. For 

the agglomerative and K-means clustering, all numbers of clusters were considered from two to one-

hundred and fifty and for the Butina clustering, all values between 0.1 and 1 in intervals of 0.1 were 

used. Table 2-7 reports the number of clusters for which the silhouette average score was a 

maximum for each method. For comparison, the ideal number of clusters from the manual clustering 

was four. In all cases, bar the Butina method, the 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 and K-means 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 and K-means clusters have 53, 44, 38 and 27 molecules 

in each cluster, however, the Butina clusters have 157, four and one respectively. The column 

ƘŜŀŘŜŘ άbǳƳōŜǊ ƻŦ aƻƭŜŎǳƭŜǎ aƛǎǇƭŀŎŜŘέ ƎƛǾŜǎ ǘƘŜ ƴǳƳōŜǊǎ ƻŦ ƳƻƭŜŎǳƭŜǎ ǘƘŀǘ Řƻ ƴƻǘ ƳŀǘŎƘ ǘƘŜ 

manual clustering, that is, although the desired number of clusters was found, the placement of 

molecules within the clusters was not identical to the manual clustering. The number of molecules 

misplaced for the agglomerative and K-means clusterings is either 16 or 17, which out of 691 

molecules is a small percentage.  

Table 2-7: 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 brackets for the Butina method is the similarity 
threshold that generated these results. 

Parameter Clustering Algorithm 
Number of 

Clusters Selected 

Silhouette 

Average 

Number of 

Molecules Misplaced 

Default 

Agglomerative 4 0.449 16 

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 

Complex 

Agglomerative 4 0.453 16 

Butina 10 (0.3) -0.255 541 

K-means 4 0.453 17 

Double Bond 

Agglomerative 4 0.461 16 

Butina 3 (0.2) -0.091 430 

K-means 4 0.461 16 

Terminal and 

Complex 

Agglomerative 4 0.453 16 

Butina 3 (0.2) -0.059 514 

K-means 4 0.453 17 

Terminal and 

Double Bond 

Agglomerative 4 0.495 16 

Butina 2 (0.2) 0.003 440 

K-means 4 0.495 16 

Complex and 

Double Bond 

Agglomerative 4 0.463 16 

Butina 3 (0.2) -0.125 478 

K-means 4 0.463 16 

Terminal, 

Complex and 

Double Bond 

Agglomerative 4 0.464 16 

Butina 2 (0.2) -0.032 440 

K-means 4 0.464 16 

 

All of the agglomerative clustering methods produced identical clusters, regardless of the RG type 

used. This can be seen by the number of molecules misplaced from the manual clustering being the 

same value throughout Table 2-7. When inspecting the K-means clusters, there are some minor 

changes in cluster assignments, with one molecule moving clusters depending on the reduced graph 

type, as shown in Figure 2-18. 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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Figure 2-18: 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 do not have identical 

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 the different molecular descriptors, or even within the 

different RG types, as they have different similarity matrices.  

Table 2-8 shows the result with the highest silhouette average score for the different RGs and 

clustering algorithms for all datasets. Butina 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 extensive.  

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 P2x7 subset dataset. The 

agglomerative clusterings show slight variations across the different RGs, however, the variation is 

more pronounced for the K-means clusterings. Finally, the differences between the agglomerative 

and K-means methods are much larger than was seen for P2x7 subset. Some of these variations are 

caused by the presence 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 clusters for this dataset is 
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shown as a pairwise overlap heatmap in Figure 2-19. The 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 choosing one 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 clusters differ from the 

agglomerative and K-means 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 show that there 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 K-means. The results for the other datasets are within the Appendix.
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Table 2-8: The number of clusters for the clustering with the largest silhouette average for each parameter and clustering algorithm combination for all datasets.   

Parameter 
Clustering 
Algorithm 

Bajorath CDK2 Chk1 Cyto FactorXa Neurokinin P2x7 tоуʰ 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Number 
of 

Clusters 

Silhouette 
Average 

Default 

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 

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 

Terminal 

Agglomerative 29 0.455 150 0.334 3 0.332 2 0.117 112 0.358 148 0.210 120 0.364 147 0.256 

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 

Complex 

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 

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 

Double 
Bond 

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 

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 (0.1) -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 
and 

Complex 

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 

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 
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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 

Terminal 
and 

Double 
Bond 

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 

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 

Complex 
and 

Double 
Bond 

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 

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 

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 

Terminal, 
Complex 

and 
Double 
Bond 

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 

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 

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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Figure 2-19: Neurokinin heatmap of the overlap between 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 the different clusterings that is independent of the values within the similarity matrices.  

¢ƻ ŎƻƳǇŀǊŜ Ƙƻǿ ΨǿŜƭƭΩ ǘƘŜ ŎƭǳǎǘŜǊƛƴƎ ǘŜŎƘƴƛǉǳŜǎ ƘŀŘ ǇŜǊŦƻǊƳŜŘΣ ǘƘŜ ŎƭǳǎǘŜǊƛƴƎǎ ǿŜǊŜ ŎƻƳǇŀǊŜŘ ǘƻ ǘƘŜ 

manual clusterings generated for the P2x7 subset, the P2x7 and the Bajorath datasets. The P2x7 subset 

has four manual clusters; the P2x7 dataset has sixty-one manual clusters; and the Bajorath dataset has 

twenty-nine manual clusters. Two different external indexes were calculated: the purity and v-measure. 

The results for P2x7 can be seen in Table 2-9, which clearly shows variations in the purity and v-

measures. The technique that has the highest purity and v-measure score is the default RG with 



81 
 

agglomerative clustering. The Butina clusterings consistently have very low purity and v-measure 

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

Table 2-9: Table showing the comparison of the Purity and V-measures for P2x7, the appropriate number of clusters is sixty-one 

Parameter 
Clustering 

Algorithm 

Number of 

Clusters 

Extracted 

Silhouette 

Average 
Purity V-Measure 

Default 

Agglomerative 119 0.357 0.926 0.904 

Butina 3 (0.1) -0.019 0.127 0.017 

K-means 41 0.288 0.836 0.863 

Terminal 

Agglomerative 120 0.364 0.917 0.894 

Butina 4 (0.1) -0.073 0.127 0.009 

K-means 55 0.303 0.885 0.869 

Complex 

Agglomerative 103 0.354 0.913 0.897 

Butina 3 (0.1) -0.017 0.132 0.036 

K-means 38 0.286 0.842 0.869 

Double Bond 

Agglomerative 123 0.356 0.925 0.902 

Butina 2 (0.1) -0.009 0.123 0.010 

K-means 47 0.293 0.856 0.870 

Terminal and 

Complex 

Agglomerative 106 0.354 0.913 0.896 

Butina 4 (0.1) -0.079 0.131 0.025 

K-means 40 0.291 0.838 0.854 

Terminal and 

Double Bond 

Agglomerative 120 0.364 0.917 0.894 

Butina 3 (0.1) -0.011 0.143 0.040 

K-means 39 0.295 0.849 0.866 

Complex and 

Double Bond 

Agglomerative 88 0.356 0.887 0.886 

Butina 6 (0.1) -0.104 0.130 0.027 

K-means 37 0.287 0.830 0.859 

Terminal, 

Complex and 

Double Bond 

Agglomerative 87 0.355 0.887 0.886 

Butina 4 (0.1) -0.039 0.127 0.034 

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 taking the highest silhouette 

average is not possible. Although it is interesting to note that the purity and v-measure scores are 

always higher for the agglomerative clusters compared to the K-means clusters for the two larger 

datasets (see Appendix).  

The Butina clustering 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 and K-means methods, the 

agglomerative method results in more singletons, whereas, the K-means 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 largest 

purity and v-measures, 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 score the highest 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 and chemical graph descriptions were then 

investigated with the internal cluster indices calculated in all cases. Two exceptions are datasets Cyto 

ŀƴŘ ǇоуʰΦ ¢ƘŜ ŎŀƭŎǳƭŀǘƛƻƴ ƻŦ ǘƘŜ ǎƛƳƛƭŀǊƛǘȅ ƳŀǘǊƛŎŜǎ ŦƻǊ ǘƘŜ ŎƘŜƳƛŎŀƭ ƎǊŀǇƘǎ ǘƛƳŜŘ ƻǳǘ ŦƻǊ /ȅǘƻΦ 

Additionally, the ŎŀƭŎǳƭŀǘƛƻƴ ƻŦ ǘƘŜ ŎƭǳǎǘŜǊ ƛƴŘŜȄŜǎ ŦƻǊ ǘƘŜ ŎƘŜƳƛŎŀƭ ƎǊŀǇƘǎ ǘƛƳŜŘ ƻǳǘ ŦƻǊ ǇоуʰΦ 
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Figure 2-20: P2x7 subset results for the M2FP agglomerative data. The line's colour indicates whether the interest is in finding a 
maximum or minimum for this index, or the maximise difference i.e. the elbow point. Additionally, it also tells for some indexes whether 

delta 1 or delta 2 was used in the calculations.:  

The internal clustering indexes were then calculated for all clustering levels. For example, Figure 2-20 

displays all of the results from 2 to 150 clusters for the P2x7 subset data using the M2FP molecular 

descriptor and agglomerative clustering algorithm. For the silhouette average, Dunn index and Calinski-

Harabasz indexes the clustering with the highest value was selected; for Kelley and Davies Bouldin 

indexes the clustering with the lowest value was selected; and for the Ball-Hall index the elbow point 

was chosen. For the P2x7 Subset example, the optimum number of clusters 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 clustering indexes for this dataset.  
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¢ƘŜ άōŜǎǘέ ǊŜǎǳƭǘ ŦƻǊ ŜŀŎƘ ƛƴǘŜǊƴŀƭ ƛƴŘŜȄ ƛǎ ǊŜǇƻǊǘŜŘ ƛƴ ¢ŀōƭŜ н-10 together with the number of clusters 

generated for each molecular descriptor and clustering algorithm. The number of clusters and cluster 

index values are also plotted in Figure 2-21. 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, however, not all 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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Table 2-10: P2x7 subset table of the results from the clustering validity indexes 

  
Silhouette 

[max] 

Dunn delta 1 

[max] 

Dunn delta 2 

[max] 

Davies Bouldin 

delta 1 [min] 

Davies Bouldin 

delta 2 [min] 

Calinski 

Harabasz [max] 

Ball-Hall 

[elbow] 
Kelley [min] 

Molecular 

Descriptor 

Clustering 

Algorithm 
Clusters Value Clusters Value Clusters Value Clusters Value Clusters Value Clusters Value Clusters Clusters Value 

M2FP 
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) 

cMCS 

Agglomerative 4 0.449 2 0.615 6 1.182 63 2.915 63 1.099 6 276.257 6 4 76.477 

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) 

dMCS 

Agglomerative 55 0.390 9 0.183 7 1.128 61 2.116 61 0.843 6 95.366 6 28 67.565 

K-means 64 0.421 29 0.249 2 1.094 64 2.371 64 1.142 4 139.921 6 14 43.716 

RGFP 

(default) 

Agglomerative 19 0.259 2 0.648 2 1.029 51 1.351 51 1.057 46 169.798 9 10 59.725 

K-means 15 0.264 23 0.627 17 1.009 54 1.563 51 1.222 55 337.835 8 6 51.708 

Chemical 

graph cMCS 

Agglomerative 5 0.380 2 0.445 6 1.050 149 3.160 149 1.059 6 558.872 9 3 293.546 

K-means 4 0.381 4 0.290 5 1.075 149 5.229 138 1.416 5 676.618 9 138 142.219 

Chemical 

graph dMCS 

Agglomerative 144 0.374 7 0.125 2 1.066 149 3.810 149 1.127 144 269.277 13 69 344.851 

K-means 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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Figure 2-21: Graphs showing all the most appropriate results from all of the different combinations of molecular 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. The clusters that 

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, Figure 2-22. It 

demonstrates that there tends to be considerable agreement between 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 not the 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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Figure 2-22: 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 the different 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 and the v-measure. The 

clusterings that contained 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 are singletons, gives the maximum 

value of 1. Thus, if many clusters consist of sub-clusters 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 in line with expected values, Table 2-11. 

Table 2-11: P2x7 subset different molecular descriptors purity and v-measures 

Molecular 

Descriptor 

Clustering 

Algorithm 

Number of 

Clusters 

Silhouette 

Score 
Purity V-measure 

M2FP 

Agglomerative 4 0.265 0.975 0.937 

K-means 4 0.265 0.974 0.935 

Agglomerative 4 0.449 0.977 0.941 
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RG (default) 

connected 
K-means 4 0.450 0.975 0.934 

RG (default) 

disconnected 

Agglomerative 2 0.334 0.919 0.487 

K-means 146 0.258 0.926 0.468 

RGFP (default) 
Agglomerative 19 0.259 0.983 0.712 

K-means 15 0.264 0.973 0.707 

Chemical graph 

connected 

Agglomerative 5 0.380 0.858 0.713 

K-means 4 0.381 0.857 0.725 

Chemical graph 

disconnected 

Agglomerative 144 0.374 0.968 0.427 

K-means 24 0.287 0.910 0.494 

 

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, Table 2-12. These were 

selected as they generate the highest scores for the v-measure. The M2FP molecular descriptor and 

agglomerative clustering method are therefore used for the following steps as, overall, this 

combination give the highest purity and v-measures and is quicker to calculate. The cluster with the 

largest silhouette score is then used, as in general the purity and v-measure cannot always be 

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

Appendix. 

Table 2-12: The top two results for the hand clustered datasets for their purity and v-measure scores 

Dataset 

Top Results Second Top Result 

Clustering 
Algorithm 

Molecular 
Descriptor 

Purity V-Measure 
Clustering 
Algorithm 

Molecular 
Descriptor 

Purity V-Measure 

Bajorath Agglomerative M2FP 0.994 0.972 Agglomerative 
RG (default) 
connected 

0.994 0.959 

P2x7 Agglomerative 
RG (default) 
connected 

0.926 0.904 K-means 
RG (default) 
connected 

0.836 0.863 

P2x7 
Subset 

Agglomerative 
RG (default) 
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 the RG 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 similarity cut-off that establishes the 

number of neighbours in the first step of the algorithm when the initial MCS is identified. 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 using M2FP and agglomerative clustering were used, and the cores 

were found using the default RG parameters.  

Table 2-13: Table showing the number of cores extracted for the two different settings for P2x7 Subset for M2FP agglomerative 4 
clusters 

  Minimum Core Size 

  2 3 4 5 6 7 

S
im

ila
ri

ty
 

0.1 4 4 6 7 13 16 

0.2 4 4 6 9 12 22 

0.3 4 4 6 8 13 22 

0.4 4 4 6 9 11 16 

0.5 4 4 6 8 13 16 

0.6 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 2-13 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 similarity threshold 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 small, it 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 likely to decrease, so 

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 molecules 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 both settings 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, if the 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. Figure 2-23 shows an 

example where the minimum core size is too large for the P2x7 Subset dataset. 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 for a cluster. 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 found using this iterative 

process, then the largest MCS that occurs most frequently is used. An example of how this 

methodology operates is shown using examples from Figure 2-23. The first centroid is found, RG1, 

the next step is to identify the furthest neighbour within 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 

ƳƛƴƛƳǳƳ ŎƻǊŜ ǎƛȊŜΣ ƛǘ ƛǎ Ǉǳǘ ƛƴǘƻ ŀ άǊŜǎŜǊǾŜέ ƭƛǎǘ ŀƴŘ ǘƘŜ ƴŜȄǘ ŦǳǊǘƘŜǎǘ ƴŜƛƎƘōƻǳǊ ƛǎ ŜȄŀƳƛƴŜŘΦ Lƴ ǘƘƛǎ 

case, this is RG6 which generates an MCS with five nodes.   
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Figure 2-23: An example of an MCS core that does not meet the requirements 

The cores that are extracted can change dramatically for some clusters depending on the settings. 

Table 2-14 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 increases, whereas 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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Table 2-14: RG cores that are extracted for each cluster. The value in brackets demonstrates how many molecules this core 
represents, for M2FP agglomerative 4 clusters 

 

 

Figure 2-24: A selection of molecules and their RGs and the extracted RG cores from cluster two, highlighted core in RG in red 

Figure 2-24 illustrates four of the molecules and their RGs in cluster two and their initial assigned RG 

core. Through the re-examination 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. The initial singleton 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 

represent a relatively small number of molecules (Table 2-14). Therefore, the lower values of 2 or 3 

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

Table 2-15: Table showing the number of cores extracted for the two different settings for Bajorath for M2FP agglomerative 28 
clusters 

  Minimum Core Size 

  2 3 4 5 6 7 

S
im

ila
ri

ty
 

0.1 28 28 29 39 60 88 

0.2 28 28 29 39 60 88 

0.3 28 28 29 39 59 88 

0.4 28 28 29 38 56 80 

0.5 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 twenty-eight clusters. The numbers of RG cores are 

shown in Table 2-15. 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 sizes are explored, 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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Table 2-16 shows the RG cores that are 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 RG cores are 

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 values within the 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 the re-examination 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 there is little 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 explains this behaviour. 
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Table 2-16: RG cores that are extracted for each cluster from Bajorath dataset for M2FP agglomerative twenty-eight clusters. The 
value in parentheses demonstrates how many molecules this 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. 

 

Results are shown for the Chk1 dataset in Table 2-17 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 the larger minimum 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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Table 2-17: Table showing the number of cores extracted altering the two different settings for Chk1 from M2FP agglomerative 3 
clusters 

  Minimum Core Size 

  2 3 4 5 6 7 
S

im
ila

ri
ty

 

0.1 3 4 6 12 16 18 

0.2 3 4 6 10 14 21 

0.3 3 4 8 12 16 17 

0.4 3 4 8 12 16 20 

0.5 3 4 9 15 21 23 

0.6 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 

 

Table 2-18 shows 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 

increases for 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.  
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Table 2-18: RG cores 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 many molecules 

relate to the core when the RG cores are mapped back onto the dataset through the re-examination 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 size of the RGs, 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 threshold 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 drug-like molecules in general. However, this is also a balance to be had since too 

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 dataset. The workflow consists of five steps 

that have been explored within this chapter. The first step 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 cluster the 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 representations did not produce the most 

appropriate clusters and so will not be explored in further. Furthermore, it took considerably longer 

to compute the similarity matrix for the chemical graph. It is also important to note that if the 

reduced graph representation is 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 and clustering 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 molecules. After 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 the similarity 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 two methods are compared in the next 

chapter. The subsequent chapters will look at how best to visualise these RG cores to obtain a better 

understanding and identify the relationships. Also, how a chemist using 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 derived to represent 

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 a pre-clustering step. This chapter aims 

to evaluate the RG cores from both methods to understand 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 (MCS) extrŀŎǘƛƻƴ ƳŜǘƘƻŘΣ w5YƛǘΩǎ Ŧa/{Σ 

which has been adapted for RGs and two other dataset representations methods, Markush 

structures and Bemis-Murcko scaffolds. Comparing the RG core extraction to existing methods will 

hopefully indicate how the RG core can be used to 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 the 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 comparison of the RG cores 

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 similarity 0.5 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 difference in the time taken to compute the cores 

for both methods. Table 3-1 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 the whole 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 right-hand section. For each section, the second column contains the 

number of molecules that were initially mapped to the RG core in the RG core extraction 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.  

Table 3-1: Table displaying the cores extracted from the two different processes for the P2x7 subset 

 

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. The remaining 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 example, the 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 carried out for the Bajorath and P2x7 datasets. As larger numbers of cores 

were produced just the numbers are reported in this chapter, however, the Appendix contains the 

structures of each of the cores. Table 3-2 shows the number of RG cores extracted with and without 

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 datasets provides 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 pre-clustered. Additionally, over half the cores were the same whether they were extracted 

from the clustered dataset or the whole dataset.  
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Table 3-2: Table showing the number of RG cores extracted from the two different approaches, for clustering technique M2FP 
agglomerative 

Dataset 

Clusters Whole dataset Number 

of 

Common 

Cores 

Number 

of 

Clusters 

Number 

of RG 

Cores 

Average 

Core Size 

Number of 

Singletons 

Number 

of RG 

Cores 

Average 

Core Size 

Number of 

Singletons 

Initial Remap Initial Remap 

Bajorath 28 29 6 0 0 24 5 0 0 15 

P2x7 

Subset 
4 6 5 1 0 7 5 1 0 5 

P2x7 67 97 6 30 23 58 5 13 9 35 

 

The ten RG cores reflecting the largest number of compounds in each dataset are shown in Table 3-

3, from the whole dataset, and Table 3-4, clustered dataset. The number of molecules that map to 

the core is given in the brackets and the cells shaded in grey in Table 3-4 show RG cores that were 

also extracted from the whole dataset.  

It can be seen in both tables that the majority 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 aromatic No. The 

most populated core in each dataset typically represents around a third of the dataset, although, the 

ǘƻǇ wD ŎƻǊŜ ŦƻǊ ŜŀŎƘ ƻŦ ǘƘŜ /5YнΣ CŀŎǘƻǊ·ŀ ŀƴŘ Ǉоуʰ ŘŀǘŀǎŜǘǎ Ƙŀǎ ŀ ƭƻǿŜǊ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƻŦ ŀǊƻǳƴŘ 

fifteen percent.  

The Cyto and Neurokinin datasets have multiple single and two node cores as well as disconnected 

RG cores. (As discussed in the previous chapter, the RG core extraction algorithm allows smaller RG 

cores to be found when cores with the minimum size are not possible.) Disconnected RG cores are 

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 molecules that have 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 molecules 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 node, Li. The disconnected 
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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 non-clustered results, out of the top ten results for all datasets 

71 of the 90 RG cores aǊŜ ǘƘŜ ǎŀƳŜΣ ǿƛǘƘ ǘǿƻ ŘŀǘŀǎŜǘǎ bŜǳǊƻƪƛƴƛƴ ŀƴŘ Ǉоуʰ ƘŀǾƛƴƎ ŀƭƭ ǘƘŜ ǎŀƳŜ ǘƻǇ 

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 that are represented by fewer 

molecules. 



105 
 

Table 3-3: Top ten cores from each dataset with the number of molecules associated with the core using the whole dataset extraction method 










































































































































































































































































































































































































































































































