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Abstract

This project is concerned withde novomolecular design whereby novel molecules are
built in silico and evaluated against properties relevant to biological activity, such as
physicochemical properties and structural similarity to active compounds. The aim is to
encourage costeffective compound design by reducing the number of molecules

requiring synthesis and analysis.

One of the main issues in de novo design is ensuring that the molecules generated are
synthesisable. In this project, a method is developed that enables virtual synthesis

using rules derived from reaction sequences. Individual reactionsaken from reaction

databases were connected to form reaction networks. Reaction sequences were then
ABOOAAOAA AU OOAAET ¢C DPAOEO OEOI OCE OEA 1 AOxI
OAAOI 008 j2360Qq xEEAE AT AT AA OE AoindsboiEA OAT A A
sequences. RSVs can be applied to molecules to generate virtual products which are

based on literature precedents.

The RSVs were applied to structuractivity relationship (SAR) exploration using
examples taken from the literature. They wereshown to be effective in expanding the
chemical space that is accessible from the given starting materials. Furthermore, each
virtual product is associated with a potential synthetic route. They were then applied in

de novodesign scenarios with the aim ofjenerating molecules that are predicted to be
active using SAR models. Using a collection of RSVs with a set of small molecules as
starting materials for de novodesign proved that the method was capable of producing

many useful, synthesisable compoundsvorthy of future study.

The RSV method was then compared with a previously published method that is based
on individual reactions (reaction vectors or RVs). The RSV approach was shown to be
considerably faster than de novo design using RVs, however, theselisity of products

was more limited.
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Chapter 1:

Introduction

The field of drug discovery has, to some extent, used computational methods in a
supporting role since the late 1950s(Willett, 2011, Leach and Gillet, 2008 Initially,
this was in the form of simple substructure analyses of structurecollections in
databases, as in the work by Ray and Kirsat1957). The benefits of this searching
method over the previous manual efforts became apparent very quickly, leading to
significant interest in the research field. This resulted in the formation in 1961 othe
first journal for the field, the Journal of Chemical Documentation (this stikxistsas the
Journal of Chemical Information and Modeling, having adopted this name in 2005).
Much of the initial published work in this decade came from work from the Cheital
Abstracts Service (CAS), as part of their efforts to computerise their existingllections
(Weisgerber, 1997. This research produced a number of analysis and processing
methods still used in some form today, such as the Morgan algorithm f@roducing

canonical molecular representationg Morgan, 1965.

The success of the categisation and analysis work soon led to an extension to
studying the effect of structural features on activity, as in the work by Hansch and
Fujita (1964). They introduced the concept of Quantitative Structure Activity
Relationships (QSAR),whereby biological properties are related to structural
parameters. During the 1970s and 198@ work on structure analysis methods
continued as processing power improved for example, the QSAR approach was
enhanced and expandedand existing representations methods were extended to
consider generic structures that represent multiple molecules in a single
representation. Of particular interest during this period was the research work by
Corey and Wipke(Corey et al., 1972, such as the OCCS (Organic Chemical Simulatién
Synthesis) and LHASA (Logic and Heuristics Applied to Synthetic Analysis) programs.

These tools were among the first to use computer graphics hardware to facilitate the



input and output of chemical structures, enabling drug design purelin silico.However,
the calculations required for constructing and handling moleculeswere so
computationally expensivethat they severely limited the effectiveness of the modelling

process.

The improvements in computational technology towards the end of the 1980s
permitted the system limitations that had frustrated growth in this field to be
overcome. This led to many new tools being developed to permit the design of
molecular structures in this manner, including the first de novo(derived from the Latin
Al O O Apdesign prédgrads(Danziger and Dean, 198p De novotools are able to
build novel molecules in virtual space with some element of evaluation of the generated
results for suitability according to prescribed design constraints. These include shape
complementarity with a target site, similarity to other known examples and other
constraints based on molecular property calculationsWith the twin influences of
reducing costs of high performance comuting, along with the steady increase in the
costs of bringing a drug to market (over $US 1.8 billion per successful compou(iéaul

et al., 2010), there has been significant effort in the development of these tools as a
cost effectivecomponent ofdrug design. In particular, the use of these kinds a@f silico
methods has become ever more important as a way of suggesting new compounds that

fit a particular model.

One common complaint with the first generation of structure design toolsas that
many did not take account ofsynthetic feasibility, i.e. the products generated by the
tools were not necessarily capable of being created in the real worlt¥ore recentde
novomethods are based around the concept of connecting together molecule fragments
according to an established ruleset. These are often derived directly from examples in
the published synthetic literature, restricting the transformation stps which can be
applied to the input molecules to those that have a realistic synthesis route available.
These tools have their own limitations in that many of the used rule sets are overly

restrictive, with only limited capability to add new reactions tothe collection.

Previous work in the Sheffield groupadaptedthe scA AT 1 AA O OA AdiddsT 1
(Broughton et al., 2003 for classification into ade novoframework which enables any

collection of reactions to beconverted into a list of transformation rules that can be

OAAOI OB



applied to input molecules(Patel et al., 2008Patel et al., 2009Gillet et al., 2009. These
reaction vectors are a Bnple method of encoding the changes that take place in
chemical reactions based on the differences between the products and reactants. The
vectors are very quick and simple to produce from a data seand are obtained bya
subtraction of the descriptors d the reactants from those for the products to give a list
of differences. Reaction vectors can be used in a number of ways, such as categorisation
of reactions, or as asimple text-baseddepiction of reaction transformations. However,
the primary use by Gllet et al. wasto apply reaction vectors togenerate new structures
from a given starting molecule with this step forming the structure generation
component of an evolutionaryde novodesign algorithm. Given that reaction vectors can
be derived automatically from a database of reactions, thigpproach overcome the
limitation of working with a pre -defined set of transformations However, the approach
has a number of limitationsincluding: execution time, especiallywhen dealing with
large numbers of starting materials or transformation rules, and issues with the
optimisation especially when intermediates in a reaction sequence score poorly

relative to the start and end point of a sequence.

The focus of this thesis is to extend the concept of red@mh vectors to encode reaction
sequences as vectors and to investigate their use ihe novodesign This involves
reworking the reaction vector approach to encode complete reaction sequences as
single vectors, avoiding the intermediate steps that cause thexoring issues. This also
has the effect of significantly optimising the structure generation process, by reducing
the amount of execution time required to produce a result set. To produce the sequence
information, tools have been developed that take a sioce of reaction data (such as an
electronic lab notebook database) and produce sequencem the use ofinterconnected
reaction networks and graph theoretic methods. This involves the expression of
reactions and sequences in network space, creating a kntagge base onto which
various reaction properties can be mapped. In addition, the range of reactions that can
be encoded and used in the process has been significantly extended through

amendments to theprocessing code

Chapter 2 presents a review of methds of representing molecular structures and
reactions, along with specific drug design applications that utilise these approaches for

structure development and reaction prediction. In Chapter 3, a more detailed study of
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de novodesign tools is presented. Asummary of the existing reaction vector project
work is presented in Chapter 4. This includes the two different methods used to
generate and validate reaction vectors, as well as the means by which structures can be

generated by combining a reaction vectowith a given starting material.

Chapter 5 presents the methods developed for collecting reaction data and producing
sequences, which are based on graph theoretic and networking methods. These
sequences are then used witha new reaction sequencevector method capable of
representing them in a single stepln Chapter 6 this new method is compared with the
original reaction-led approach in terms of the novelty and number of product
molecules generated, as well as analysing the distribution and nature ofetreaction
sequences used to create the product8Vhile both approaches generate interesting
structures, it is clear that the reactionled approach produces larger populations, with a
greater diversity. Using the vector methods to categorise the collectianof reactions
and sequences used show the inherent bias towards particular functionalities and
structures that affect the types of compounds producedChapter 7 presents different
applications of the reaction sequence method, including: using the reactiowtworks to
identify multiple equivalent routes to products; using reaction sequences to build
structure activity relationship (SAR) profiles from a given starting material Chapter 8
usesthe curated knowledge base with existing drug design case studiéhis includes a
direct comparison with the original reaction vector based multiobjective drug design
method, highlighting the advantagesand disadvantagesof the new sequencebased

approach for drug design.



Chapter 2:

Representations of reactions

2.1 Introducti on

As chemical research has progressed, and new forms of collaboration have developed,
there has been a need to develop different means of communicating chemical
information to others. These can range from simple written formulae, to images of
structures, to more complicated methods of storing atom and bond connection data for
computerised tools and databases. This chapter presents an overview of these
methods, as well as the ways in which these can be used for searching molecular
databases, and assessingnsilarity of a given molecule to those already stored. As the
tools produced in this thesis utilise their own method for storing reaction data
internally, there is a need to consider the different methods for depicting and storing
these. Some of these appaches are extensions of existing molecular depiction
methods, whereas others were specifically developed with a view to facilitating drug
design or reaction searching. The last two sections of this chapter discuss these
different reaction representation methods, as well as the drug design tools that rely on

the special features of the bespoke reaction depiction forms.

2.2 Molecular representation

Chemical structures require specialised representation methods in order to be stored
in searchable databases. Thesmethods fall largely into two groups, namely linear
representations (such as text formulae) and less humareadable descriptions such as

connection tables.

Text-based approaches such as SMILES (Simplified Moleculaput Line-Entry
Specification) (Weininger, 1988 and InChl (International Chemical Identifier)
(McNaught, 200§ permit structural data to be represented using standard ASCII

5



characters. In the case of SMILESapital letters represent the individual atomic
symbols, lower case letters represent aromatic atoms, parentheses indicate molecular
branching and a simple paired number system is used for assigning atoms in rings.
Hydrogen atoms are usually omitted foISMILES strings, i.e. 4D is represented as O. An

example of a SMILES string for a molecule is given in Figure 2.1.

Molecule SMILES

O

OC(=0O)clcccenl
OH

Figure 2.1: Example of a SMILES String f@pyridinecarboxylic acid. (Wallace, 2015

For substructures, an extension of this method known as SMARTS is available. This
uses largely the same format as SMILES, withe addition of logical operators and
wildcards to facilitate the specification of generic molecular queries. The InChl method,
on the other hand, does not feature any specific substructure support. Instead, the

advantage of InChl is the sheer amount of rtedata that can be retained, with the string

OADPAOAOCAA ET OI A TO0IAAO T A& TDOEITAI Ol AUAOO:
OOAOAT AEAT EOOOU AT A 1 OEWO AGAIOAGKOAD OBA GARE OO0 EAA MAA

datato be encoded within the string, but at the epense of readability.

Alternatively, users may prefer to input structures using a chemical drawing package,

in which case the storage of the converted data is commonly achieved through

connection table formats such as theMOL file (BIOVIA. The BIOVIA .MOL format

carries a header, usually listing the molecule name and the generating program,

followed by a nontredundant connection table (each atom is listed in turn, followed by

each bond being recorded once only, as opposed to once for each atom in the

rAAOT AAT O AAOGAQh 1 EOOEIT C AOI T EA DOl PAOOEAONK
AAGECT AGET 10 ET OEA AAOA 1T &£ CcAT AOEA O- AOEOOES
Following the development of the World Wide Web, and XML (eXtensible Markup

language) an XML schema has been developexnt €hemical information, the secalled



Chemical Markup Language (known as CML or ChemXMMurray-Rust and Rzepa,
1999). As with all XML documents, the CML schema establishes a series of rules for
encoding information in a machine readable formatthat can be easily parsed,
effectively embedding a form of connection table in a hierarchical structure. The
schema can not only encode individual atomand bondswithin the molecule (Murray-
Rust and Rzepa, 2008 but can also store spectral information(Kuhn et al., 2007

alongside, keeping all relevant data about a molecule together.

2.2.1 Molecular graph theory

From the earliest attempts to depict molecular structures, comparisons have been
drawn between such structures and the basic forms used in graph theofGarda-
Domenech et al., 2008 Graph theory is best described as a field of mathematitsat is
concerned with the nature of connections between objectdA graph is a collection of
entities, commonly referred to as nodes or vertices, alongside a set pdirs of these
entities representing the connectionbetween nodes commonly known as edges. It
should be noted that the nodes and edgedefine the graph with the order of the
entities being irrelevant. In a graph used in a chemical context, the nodes wdul
represent the atoms, with the edges representing the bonds. If labelled with the

relevant information, this form is sufficient for many chemical applications. An example

of this form is shown in Figure 22.

Figure 2.2: Molecular graph for HOC=COH. Hydrogens are omitted.

It should be noted that within this graph there is no ability to distinguish between
isomers, such as the potentiatis and trans forms around the double bond. However,
these methods remain of significant value for representation of chemat structures in a
mathematical context. Of particular interest is he concept ofsubgraph isomorphism,
where the sets of nodes and edges of a particular graph are wholly contained within

another. This is of particular interest in the context of molecular database searching, as



searching for a partial structure within a database is analogous to a search for a partial

graph (subgraph) in a set of graphs.

2.2.2 Molecular database searching

The search algorithms used within a molecular database differ depending on the user

requirements, for example, theuser may want to look at the properties of a complete

structure, for compounds with a particular substructure element, or indeed, those

structures that are similar to a given exampleln the case oAT OABAAO OAAOAES NOAO
may seemto be astraightforward operation at first, but the problem is that the

structure connection table or SMILES data string may be produced in a number of

equivalent ways, depending on how one considers the order of the atoms. This can lead

to duplication in storage, or possibly false negatives when searching. Testing every

possible numbering method during a search is computationally expensive, as for a table

of N atoms there arel Anumberings to consider Thereforeit is necessary to ensure all

—_
ms
p2
>
(@)]

structures stored and submitted use a standardised approach (a &A1 1 AA OAA
representation), whereby no matter what the input order of atoms the output

representation is always the same

The first reported example of an automated algorithm for generating such
representations was by Morgan, in his work on behalf of the Chemical Abstracts Service
(Morgan, 19698 ! O EZEOOOh OEA OAI T T AAOGEOGEOU OAI OAOGSE T £
non-hydrogen atoms directly connected to it, thereafter a new value is calculated (the
sum of the values of the neighbouring atoms). This process is repeatedratively until

the number of different connectivity values the molecule possesses is at a maximum.
Once this state is reached, the atom with the highest extended connectivity value is
chosen to be first in the connection table for the molecule, then mownin succession
through its neighbours in descending order of extended connectivity and so on through
the molecule. In the event of two identical connectivity values, properties such as
atomic number and bond order are used to break the tie. Similar approhes have been
used to create canonical SMILES strings and InChl representations for storage and

searching purposes.



Once the structures are canonical, both the submitted query and the stored data can be

directly compared. This can be done with direct refeence to the connection table or

OOOET ¢ch 1T O OEOI OGCE OEAOEET ¢6 OEA RNOAOU AT A ¢
a new alphanumerical string based on the data according to a given algorithm, such as

in the Freeland approach, a continuation of Moy 1 8 O (Rrdel@rid et al., 1979. For

large structures, the hash string is easier to process than the original structure and

speeds up dataretEAOAT 8 (1T xAOAOh OEAOA EO A OEOE 1 &
having the same calculated hash, which must be resolved if the database is to remain

fully searchable.

When considering substructure searching, one approacis to utilise graph theory as
discussed above. The substructure problem can be considered as a form of subgraph
isomorphism z whether the structure subgraph from the query can be found wholly
contained within the graph of the stored database structure. The earliest attempts to
use omputational methods for substructure searching were developed by Ray and
Kirsch (1957). In their method, all of the molecular graphs representing the database
entries are compared one at a time. However, such approaches are relatively slow over
adata setthe size of a typical chemical databas@arnard and Downs, 1992. To speed
this up, a screeing step (Dittmar et al., 1983 is used to remove all structures that
cannot possibly match, before the subgraph search is performed on the remainder. The
screening process relies on the creation of individual bit strings for each molecule in
the database and the query based on a given set of rules. These bits are set (1) or unset
(0) depending on the presence or absence of givesubstructural features, such as
augmented atoms, linear sequences and other structural features sues rings. An
augmented atom feature is a representation of a substructure, defined in terms of the
atoms attached to a given central atom. For greatesearch precision, the augmented
atoms also specify bondingnformation, for example, OET ¢ AT T AO j 1 AOEAA «x
chal AT 1T AO j i A8dadbAnd wEed (Singl®, double, triple or aromatic) by
adding the appropriate numerical bond index (1, 2, 3 or 4 respectivelyExamples of
augmented atom descriptionsare shown in Figure 2.3. Depending on the degree of
precision, a number of different fragment types can be used, excluding or including the
bond type, and the relative atom numbers. In the figure, three different fragment types
are listed in order of complexity, from simple lists of atoms in the top row, to full

desaiptions of the bond type in the bottom row.
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Augmented atoms at arrowed atom:

@N’ C C C N

>/' C¥ C— Cx N*
Cx C—1 C*4 Nx

Figure 2.3: lllustration of potential augmented atoms for 2-pyridinecarboxylic acid.
Each line represents an augmented atom term for the arrowed atom, at differing levels
of detail. The top line is a simple list of the elements involvedefore the addition of tre
bond type in each case®Gindicates a ring bond, and@indicates a standard chain
bond). The bottom line further adds the nature of the bonds, such as single, double.etc
(1= single bond, 4 = aromatic bond)Wallace, 2015

The linear sequence screen is very similar to the augmented atom screen, but relates to
a chain of between four and six interconnected nohydrogen atoms rather than
radiating from a central atom. This works as an effective substructure screen when
combined with the bond type designation seen in the augmented atom method.
Examples of thesefragments are shown in Figure 2.4. As can be seebecause the
sequences ae processed in order, both thdorward and reverse sequencesieed to be

stored to ensure that the search operates correctly.

Linear atom sequence (1,2,3,4,5):

\ /" C* NN OO
" Ot G C* N* C*

Figure 2.4: lllustration of linear sequence screers for a given substructure of 2-

pyridinecarboxylic acid. (Wallace, 2015
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YT S$EOOI AO6O ADPDPOIT AAERh AT T AET ADiEr td tosd £ p ¢
described above are used to generate &28 bit string for each molecule (in contrast,

similar screen approaches used in modern systems atgpically limited to 1024 bits for
simplicity). The strings of the query and the molecule in question are then compared,

with results only returned where every bit set in the query isalso set in the molecule.

To ensure the system is efficient, it is neasary to carefully select the structural
elements used for the bits, ensuring that they occur sufficiently often to be useful, while

remaining independent of one another to ensure maximum effectiveness.

These same bit strings can be used to provide a meaffigr searching based on
molecular similarity, such as with the Tanimoto coefficien{Willett et al., 1998 Willett
and Winterman, 1986. The Tanimoto coefficient between two ralecules A and B (&)
is:

vy

&)

e &1

-
Equation 2.1: Tanimoto coefficient for molecular similarity.

where a represents those bits set for molecule Ab represents those set for B and
OAPOAOGAT 0O OEA AEOO OAO ET AT OE jOEA OATII
indicates that the two molecules have identical bit strings (they are not necessarily

EAAT OEAAT OEAI OA1l 6AOQ xEEI A Oné ET AEAAOAO OE
strings. By calculating the Tanimoto coefficient for each entry relative to the query

molecule, a ranking of molecules by similarity can be obtained.

While the Tanimoto coefficient is one of the more commonly used measures of
molecular similarity, other measures exist that can be used in the same manner. These

include the Dice and Cosine coefficients (Equation 2.2).

= 1)
A% co Y =
) W

Dice Cosine

Equation 2.2: Equations for the Diceand Cosine coefficients of molecular similarity.
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Alternatively, measurements exist that give an indication of how dissimilar two

iT1 AAOI AO AOA OEAO xi OE AO EI OAOOGAO 1T &# OEA OEI

measurements). Examples of these coeffigies are shown in Equation 2.3.

O
()
[OR!
N
[oR!
@)
E4q €

TG @ o p -

Hamming Euclidean Soergel

Equation 2.3: Equations for the Hamming, Euclidean and Soezgmolecular distance

measurements.

2.3 Reaction representation

Storage and representation of reactions can be considered in a similar manner to
individual molecular; however the methods have to be adapted to cope with multiple

substances and roles within the same entry.

nOAAAOGET T 3-), 3h OAAAOAT 6O AT A pPOI AOAOO AOA
signs, and any catalysts or other agents are specified between the two groups. In cases
xEAOA OEAOA AOA 1 Oi OEPI A OAACAT OO 1T O »OI AOGAOGO

shows a reaction SMILES string for a typical reaction.

o) NH,
H., Ra(Ni)
N (0]
CH3+ / I AN —_— CH; / \\
H H H H
H
reactants agents products
N A A
' YA A\ 4 N\

CC(=0)clcccecl.N>([H][H]).RaNi>CC(N)clccceccl.O

Figure 2.5: Reaction SMILES string for the Migonac aminationreaction. (Wang, 201Q
Wallace, 2015

The MDL .RXN format serves the same purpose for reactions as the .MOL file does for
molecules. The formais related to .MOL in the sense that each structure is represented
as a connection table, but additional information is included, such as whether a

structure represents a reactant or product (via tags and positioning within the file
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record, depending on the preciseevision), and potentially, atom mapping information.

In atom mapping, each atom within a reaction is tagged, usually using a numerical
system. The idea is that the same atom receives the same tag throughout the reaction,
thus linking the reactant structures to the products, and indeed linking one reaction in

a scheme to another, as necessary. An example of a mapped reaction is shown in Figure
2.6. A comprehensive overview of atom mapping in its various forms can be found in
the review by Chen, et al2013).

17H—H18

N :
He  Ra(Ni)

Reactants

[H:11][C:9]([H:10])([H:12])[C:7](=[O:8])[c:6]1[cH:5][cH:4][cH:3][cH:2][cH:1]1.[H:14][N:13]
([H:15])[H:16]>

Agents

([H:17][H:18]).RaNi>

Products
[H:14][N:13]([H:15])[CH:7]([c:6]1[cH:1][cH:2][cH:3][cH:4][cH:5]1)[C:9]([H:12])([H:10])[H:11]
[H:18][O:8][H:17]

Figure 2.6: Example of atom mapping for the Migonac amination reaction including
Reaction SMILES (split for legibilityYWang, 201Q Wallace, 2015

The process of generating atom maps for reactions can be entirely automated, an@is
key element inthe storage and recall of reactions in databases. The first fully automatic
mapping method was reported by Lynch and Willet{Lynch and Willett, 197&, Lynch
and Willett, 19784d). Initially, the method relied on comparison of the two sides of a
reaction written in Wiswesser Line Notation (an early textbased molecule
representation), but this was followed up with a more extensible approach based on
matching the maximal common substructure (MCS) between the two sidédcGregor
and Willett, 1981), (Funatsu et al., 1988. As the name suggests, the MCS method

compares the molecule graphs of the product and reactant sides to find the largest

13



common element to both, and uses this to ensure any relevant mapping or comparisons
are canorical. While all of the automated algorithms are relatively quick and highly

effective, if the initial reaction is imbalanced the chances of failure are high.

A recent development of the MCS methodApostolakis et al., 200§ for reaction
mapping adds additional weight values to bonds based on the atoms that form them
(for example, G# -bonds are assigned a weight of 1.5, while-l€ amine bonds are
weighted as 0.48). These weights correspond to the likelihood af bond being broken

in a transformation (a lower weight indicates an easier breakage), and therefore also
represents the cost of not matching particular bonds between the two sides of a
reaction, the unmatched bonds representing the reaction centre. Alteatively, a
general representation of a given reaction can be produced from superimposition of the
two sides of the reaction onto one another to identify the reaction centréde Luca et al.,
2012). This condensed reactin graph, as illustrated in Figure 2, can be treated in the
same manner as any normal molecule, and therefore molecule similarity measures can
be used to compare reactions with given queries. In the graph, the changing bonds are
colour coded to highlightthe differences, with red lines indicating lost bonds, and green

lines indicating created bonds.

. Condensed
Reaction _
Reaction Graph
H
H
NH,
o H‘/'-\N/
@]
+ H,0 \
—_—>
CHy H/T\H CH, 73
CH,

Figure 2.7: lllustration of the condensed reaction graph approacHor the Mignonac
amination reaction. (Wang, 201Q Wallace, 2015

The atom map assigned to the reaction can be used ittentify the reaction centre via
direct comparison of the two sides, forgoing the need for the user to specifically

identify the region in the query.
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The ChemXML format also has a reaction subset, CMLRd#tnlliday et al., 2005. This

uses the hierarchicalstructure of XML to collect the molecular representation and other

AAOA &£ O OAAAOAT OO AT A pPOT AOAOO xEOEET A b
relevant connection tables to encode the individual molecules are stored. However, the

reaction subset ao permits tagging and mapping of individual atoms, bonds and

electrons across molecules, allowing the encoding of mechanistic details that are useful

Al O OUl OEAOEO8 "U AOOOEAO Agbi 1 EOCAOEIT 1 A& Ot
I EOOG rduvcéd, eAchdin® a entire linear reaction sequence in the same manner

within the same file.

2.3.1 Chemical reaction databases

In order to enable coherent processing of published literature, many chemical
databases exist. While there are databases that deal &ively with compounds and
their properties such as the NIST WebbooKNIST) and the CAS rgistry (Chemical
Abstract Service$, many include some element of reaction data. These can be divided
into two groups (Boiten et al., 1999:

1 Those thataim to cover the entire literature base within certain set boundary
conditions such as CASREACTBlake and Dana, 1995 and CrossFire
Beilstein/Gmelin (Hicks, 1990 (now the Reaxys database).

1 Subsets of useful reactions without any claim to completenessome of which
are freely available and someare licensed for inhouse use such aSYNLIB
(Distributed Chemical Graphicy. Many of the original examples of thessuch as
ORAC REACCSMills et al., 1988, and IRDAShave been discontinued as a
result of consolidation between suppliers, but tools such as BIOVIA

DiscoveryGateg(BIOVIA) offer access tosimilar data collections

Some of the organic reaction databases currently available arévgn in Table 2.1 and

Table 22, representing free and commercial databases respectively
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Sayle, 2014

(2001-2013) and
grants (1976-2013)

Database name Source Approximate Rate of
number of expansion
reactions

Organic Syntheses Independently >5000 ~40 new
(Organic Syntheses| confirmed reaction routes a year
Inc)) routes
Boston CMLD Boston University 133 No further
Synthesis protocols Chemical expansion
(Boston University) Methodology and noted
Library Development
The Chemical Open access 4000 No new
Thesaurus submission to editor reactions for
(Leach some time
Webreactions Extraction from ~400,000 Unknown
(openmolecules.org ChemSynth and
ChemReact
ChemSpider Open access ~250,000 Dependent on
Synthetic Pages submission to editor submissions
(Royal Society of (Public Domain) and review
Chemistry)
USPTO Collection Extraction of
via NextMove reactions from US
Software (Lowe and | patent applications 1,000,000 n/a

Table2.1: A listof freely available organic reaction databases and their properties
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Database name Source Approximate Rate of
number of reactions expansion
Reaxsys Journals and patents >22,000,000 200,000 new
(Elsevier) (Formerly Beilstein, reactions annually
Gmelin and Patent
Chemistry
Databases)
CASREACT Journalsand patents >60,000,000 30,000-50,000
(Chemical Abstract new reactions
Serviceg weekly
Cheminform Reaction Journals >1,200,000 Monthly updates
Library (CIRX) of varying sizes
(Wiley/FIZ CHEMIE
Berlin)
Current Chemical Journals and some >1,000,000 Monthly updates,
Reactions US patents no figures given
(Thomson Reuterg
Derwent Journal of | Journals and patents >75,000 No longerupdated
Synthetic Methods or supported.
(Reuters)
e-EROS Submissions to ~70,000 Twice annual
(Encyclopaedia of editor updates, 150
Reagents for Organic reagents and
Synthesis) articles updated
(John Wiley & Sonks in last release
Science of Synthesis Submissions to >300,000 ~14,000 new
(Thieme Chemistry editor reactions annually
Publishing) (estimated)
SPRES Journals and Patents ~4,400,000 100,000 new
(InfoChem) reactions annually

Table2.2: A list of commercially available reaction databases and their properties
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2.3.2 Reaction database searching

The same approaches used to search for an individual molecule in a database (Section
2.2.2) can be used in a reaction context, allowing for users find reactions that can be
performed with a given starting material or that give a particular product. However,
these methods will not necessarily work forfinding reactions that retain a particular
substructure, or for searching by reaction typeThese additional mapping approaches
are necessary to ensure a reaction search is effective. Conducting a standard
substructure search in this context (looking for reactions that use a particular
functional group, for example) may produce a large humber of unsuitable hits. Ehis
due to the fact that the search will lead to a collection of structures that have the
structural features within the reaction centre, but not necessarily in a reactive position,
due to steric effects or other considerations. The usual approachto these types of
searchesis to instead consider only the portions of a reaction that change (knowras

the reaction centre), and return results based on this

When performing a search within a reaction centre, additional input methods are

required to indicate which structural features are parts of the query. For example, the

BIOVIA Draw program (BIOVIA allows this through special bond indicators that

ET AEAAOA OEA AEAT CAOh DI AAET ¢ Al 088 OEOI OCE Al
bespoke symbols on those that do. A table of these indicators is included below in Table

2.3, along with a ample of a suitably labelled reaction in Figure 8.

Bond

Effect
Symbol
# Bond change unspecified, can change type, be broken or be formed
(same as no symbol)
| Bond changes in type (single tolouble, double to triple etc.)
Il Bond is formed (if used on product)or broken (if used on reactant)
] Combination of | and ||, bond idormed/broken and changes type
X Bond remains unchanged

Table2.3: The bond symbols used iBIOVIADraw and their meanings.
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O

NH,
_Hp, Ra(Ni)_ o
CHy H/T)%H CH; + H%J(H
H

Figure 2.8: Bond change marking of the amination reaction in Figurg5. (Wang, 2010,
Wallace, 2015

In addition to the bond indicators, some of these programs also use the atom mapping
approach described previously, enabling the user teelect individual atoms and assign

numerical tags to indicate their role and position in the final structure.

To input a reaction query in a SMILES text form, another subset of the SMILES
language, SMIRKS, is required. This relies on five simple rulesgenerate a compatible

string for searching(Daylight Chemical Information Systemk:

1 The reactant and product sides of the reaction have to have the same numbers
and types of mgped atomsi.e. each mapped atom in the reactant should have a
counterpart in the product. If need be, atoms can be added or removed during
the reaction as necessary (if an agent or catalyst has to be specified, for
example), but these atoms cannot carry aapping. To define a mapping, the
AOT 1T OUI ATl 106606 AA A 111 xAA AU Od.d8h xEAZA
1 Stoichiometry within the string is assumed to be 1:1 for all atoms on both sides,
if additional equivalents of reactant or product are required, theymust be
entered an appropriate number of times.
1 If hydrogen atoms are stated explicitly on one side, the equivalent hydrogen
atoms on the other side must also be stated. They must also be atom mapped in
both cases.
i Bond expressions must be valid SMILEStrings; it is not possible to use
wildcards to represent multiple bond types. Atom queries on the other hand
AAT OOA OEA Oecd6 T O Oed xEI A AAOAO AO ADBDC
1 Atoms where the connectivity and bond order remain identical in both cases
can be specified inthe SMARTS molecular pattern format; otherwise they must
be SMILES strings.
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These criteria result in an expanded string, similar to the SMILES string seen
previously, where atom numbers are specified by values aftahe colon, as seen in

Figure 29.

[*:6]([C:7](=[O:8])[C:9]).(IN:1 3][H:14][H: 15][H: 16)>([H:17][H:18] ).Ni>
[*:6] [C:7]([N:13][H:14][H:15])[C:9][H:10][H:11][H:12] .[H:17][O:8][H:18]

14 15
H
17H—H18
H11 VA RN —_— /7 N\
* w7l TRa(N) H H
4 Ko 17 18

Figure 2.9: SMIRKS string for the reaction shown in Figure 2 (split at product portion
for clarity). For reference, the mapped reaction is includedWang, 201Q Wallace,
2015)

2.4 Reaction classification methods

A number of different approaches to the storage and processing of reaction centres
have been created to permit effective searching and reaction classifitzn (Chen,
2008). Many of these rely onsome form ofatom mapping approach (Section 2.3)with
the REACCS databag@gsrethe and Moock, 199D combining this with a substructure
fingerprint approach for searching,similar to that usedin standard molecule database

searching methods.

Reaction classification methodsre also based on reaction centre©ne such example is
the appropriately named Classify method by InfoCherfinfoChem), which is used by a
number of commercial databases. Thikas three different levels of searchdepending
on how many of the atoms immediately connected to the reaction centre are included,
with the narrower searchesincluding more of the speciic environment surrounding
the reaction centre. Hasltodes are generated for reaction centres at eadbvel and can
then be summed to give an overall value for the reaction, which can be compared with

others in the database to assess similarity of reactiatype.
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There also exists a subset of reaction classification methods that are specifically
designed to be used with a particular tool or for a specialised purpose. TiBrgundjiz
Ugireaction model (1973) is one suchmethod, used inthe IGORsynthesis method that
generates novel reactions from first principles (Ugi et al., 1993. The model states that
reactions of ensembles of macules may be treated in the same manner as a graph
isomorphism problem, effectively creating a graph with the molecules on the nodes and
reactions on the edges. Using this model, the reaction transformation operation (the
exchange of atoms and electronshit occurs during the reaction itself) is represented
as a bondelectron matrix, as illustrated in Figure 210. There are three matrices in
total, one representing the reactants (B beginning), one representing the products (E
end) and an overall reactbn matrix R (effectively EB). By consideration of what the
numbers represent, and the basic rules of chemistry, several conclusions can be drawn

about the properties of the matrix:

1 Since charge is conserved over the reaction, the sum of all the individwadtries
of the reaction matrix must equal zero (no electrons can be created or
destroyed).

1 It therefore follows that, if the formal charge does not change for any atom, then
this also applies to the individual row and column pairings corresponding to the
atoms (if charges do migrate then numerical imbalances occur at the points of

migration, in accordance with the first rule).

As a result of these properties, it becomes possible to predict reactions via determining
a solution for the matrix set that satisfes the charge rules, given either the reactant
matrix or the reaction transformation (B or R in the nomenclature). This strict

mathematical treatment can and has led to previously unknown reactions being

presented as solutions, and exploration of new sotion space(Herges and Ugi, 198k
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Beginning (B) Endpoint (E)

H 0 1 0 0 0 0 0 0 H 0 1 0 0 0 0 0 0
C 1 0 1 0 2 0 0 0 C 1 0 1 0 1 0 1 0
H 0 1 0 0 0 0 0 0 H 0 1 0 0 0 0 0 0
H 0 0 0 0 1 0 0 0 H 0 0 0 0 1 0 0 0
C 0 2 0 1 0 1 0 0 C 0 1 0 1 0 1 0 1
H 0 0 0 0 1 0 0 0 H 0 0 0 0 1 0 0 0
H 0 0 0 0 0 0 0 1 H 0 1 0 0 0 0 0 0
H 0 0 0 0 0 0 1 0 H 0 0 0 0 1 0 0 0

H C H H C H H H H C H H C H H H

Figure 2.10: Dugundji-Ugi matrices for the reaction CLCH + H, O #QH.

The Hendrickson classification method(Hendrickson, 19970 attempts to represent
chemical reactions in terms of the bonds brokemand formed, extending similar visual
methods proposed by Fujita, Vladutz and BalabatChen, 200§. These methods all

share the idea of representing the bonds and atoms of the reaction centre as a cycle, but

the Hendrickson case is greatly simplified, with the broken bonds shown as solid lines

and the newly made bonds as dashed lines. This effectively condenses the information

AO OEA OAAAOQGEIT AAT OOA ET O Al OEINAQET AOU

22



these centres any bonds that are unchanged in the reaction but are useful for
Al ACOEEEAAOQGETT AAT AA AACEQIAGAAETAG hORAIAT OAI
systems), marked as a bolder line.

0 0
Figure 2.11: Transition state logo for the reaction shown in Figure 20. The A-bond in

the double bond system appears as a bolder shell borf@vallace, 2015.

While initially complicated to set up, the idea of an imaginary reaction centre has

significant advantages when describing the intermediary phases of a reaction scheme,

and can depict the change in a molecule without the need for atom mapping, as would

be the case for connection tabldased formats where the centre is not immediately

obvious. However, this system as designed is intended for pictorial representation, and

for computational purposes a linear, textA AOAA O3 UT OEAOEO 4 0AA8 AE
same data is implemented instead. This is effectively a branched retrosynthesis

diagram showing all possible disconnects, and can be generated easily as an aid to

synthetic planning for a given target compound.

A further variant (Hendrickson and Miller, 1990 is more specifically designed forin

silico operation, focussing on rapid retrieval of reaction data from modelsand

databases. In this form, classification is limited to carbon atoms in the reaction centre,

with other atoms represented simply in terms of electronegativity relative to carbon.

As a consequence, four types of bonding can be defined, namely cardoanbol - A

bonding (R), carbonAAOATATT TAET ¢C j 1t qh AAOAITT O Al AAQOI
carbon to electropositive atom (H). From this method, it can be seen that a relative

change in the total of R would indicate a structural change, with the other values

indicating functionality changes.
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One graph theory approach to handling reactiongCrabtree and Mehta, 2009 is to
consider that the sum of the graphs of the reactants is effectively transformed into the
sum of the graphs of the products during a reaction. The key is to find therefora
mapping for both sides that minimises the number of bonds formed or broken,
attempting to match the relevant subgraphs. Many approaches to solving this problem
exist, either as atom mapping functions in their own right such as the NAUT¥IcKay,
1981) and Faulon(Faulon et al., 2004 algorithms, or as attempts to provide canonical
names and structural representations of molecules, such as the Maximal Common
Substructure/Subgraph method (MCS)(McGregor and Willett, 198}, (Funatsu et al.,
1988), as discussed in Section 2.3.

The reaction vector approach (Broughton et al., 2003 involves determining a
difference vector between the reactans and products. It was originally used as a means
of comparing reactions for classification purposes, but the generic representation it
generates has since found use withimle novodesign (Patel et al., 2008. The idea of
categorising reactions in this manner dates back to the work of VIédu{d963) (Willett,
1980). VlIédutsdmethod relies on the logical premise that the bonds produced as the
result of a given reaction transformation will be different in nature to those destroyed
in the reactant, and as a consequence the reaction centre can be identified by tracking
these changs. At the time of the Vléduts work, limits in computational power
prohibited automatic processing for all but the most simple connection tables, but by
OEA OEI A \orE, technbldgyleddbi@édxhe principle to be extended to the vast
majority of reactions. In the case of the reaction vector method, no connection tables
are required; features such as atom pairs are used to encode finelividual components

of a reactioneither using the number of occurrences of a particular descriptor or its
presence @ absence as the vector elementand the difference is calculated by

subtracting the reactant vectors from the product vectors.

Atom pairs are essentially substructure representations, encoding characteristics about

the properties of each atom (type, conngtivity, etc.) relative to all others in a molecule,
OO0OAT 1T U A@bOA GO tpe B (distariedin bEhdS)dA O | Olvmid A S
case, as with the boneklectron matrices, an overall reaction vector can be obtained via

subtraction of the produad pair list from the reactant pair list, with the result giving an
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indication of the changes within the reaction centre without reference to the rest of the

structure.

2.5 Forward synthetic planning methods

A number of approaches have been developed to prediproducts that can be
synthesised from given starting materials.For example, CAMEO (Computer Assisted
Mechanistic Evaluation of Organic Reactiong)Salatin and Jorgensen, 1980analyses
the atom types present in a given molecule before choosing an appropriate mechanism
and simulating the likely synthetic products. A similar concept is used withthe
previously mentioned IGOR (Interactive Generation of Organic ReactiongJgi et al.,
1993). The man difference between the two approaches is that, rather than using an
existing knowledge base of mechanisms, IGOR is capable of generating novel reactions,
based on the DugundiUgi model of reaction representation. Following the Dugundji
Ugi electron redsistribution rules, every generation step in the process minimises the
reallocation of valence electrons while forcing a structural change, in some cases

creating new reaction classes for study and predicting likely new products.

The EROSElaboration of Reactions for Organic Synthesisjool (Gasteiger and Jochum,

1978, Hollering et al., 2000 is another exampleof this type of methodology.This is a

rule based systemthat attempts to predict the products of a reaction The process of

rule creation is complex, and attempts to recreatehe mixing conditions of the real

world system. This requires the definition of the system in terms of the@rocessesused

i AAEET AA AO OOAAA@étadOd theEphased Bffthenbx@iie gnOtdel

system, and any other information abouthe reaction behaviour that is necessary. This

information includes definitions of what combinations of starting materials are

possible (such aswhether dimers can form), while also being used to mark particular

reactors and phases in terms ofeaction behaviourj AAOAOEAAA AO OEA OAA,
If reactions do not occur in a particular phase, the mode must be set@ET AOO8 O1 AT
the kinetic profile for the predicted reaction is correct. With these rules defined, the

EROS program can then simulate theeaction products from a given set of starting

materials, as well as calculatingrelevant physicochemical properties to assist in

building a kinetic profile for the process
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2.6 Retrosynthetic approaches

The storage of structural information for a given reaction can also allow for automated
retrosynthesis of molecules, inmuch the sameway an individual would with a drawn
structure (Cook et al., 2012 In retrosynthesis, an establifed end molecule is
deconstructed at key atachment points, with each disconnection responding to an
existing chemical reaction in the forward synthesis.The usual approach when
performing retrosynthesis in silico is to use a preestablished rule set to provide a
OET T x1 AACA AAOAS ideifyQhe gdinis of QistGnBektion. Fnk st full
program to perform a retrosynthetic role, LHASA (Logic and Heuristics Applied to
Synthetic Analysis)(Corey et al., 1972 relied on manual encoding of reaction rules in a
bespoke language and so was reliant on the operators to provide the disconnection
logic and add functionality. A number of revisions were made to LHASA during its
lifetime to add additional features and improve the quality of the retrosynthesis(Corey
and Jorgensen, 1976 However, as research progressed, a more automated approach
was sought leading to alternative programs such as the SEEDS t¢dibnma, 2003,
which fragments the molecules, before checking commercial databases fsuitable

derivatives and starting materials.

Combinations of retrosynthesis and reaction prediction have also been reported, such
AO (A1 AOE A E QHdndri€ksor 29979 % his uses his reported system aifn
silico reaction classification (Section 2.4.1) to identify bonds in the target molecule that
are suitable for retrosynthetic disconnection. These are then used to fragment the
molecule, generating a suitable synthesis reaction. In order to ensure feasibility, an
additional filtration step removes any reactions that are too complicated, or that
contain a starting material not present in the SYNGEN knowledge base. A similar
approach is used by WODCA (Workbench for the Organisation of Data for Chemical
Applications) (Gasteiger et al., 2000 This is used to retrosynthesise &rget molecule
which can then be passed to the ERQ#ogram to generate a reaction sequence for

synthesis.
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2.7 Reaction networks

Graph-theoretic approaches can beused to depict reactions and sequencefTemkin
and Bonchev, 1992. Inreaction networks, each vertex represents a molecule (reactant,
product or intermediate), with each edge representingan individual reaction step. In
order to correctly represent the flow of the reaction, the edges can have a direction
assigned, indicating a transition thatonly occurs in one direction (reversible reaction
steps are represented using undirected edges). An example afreaction graph is

shown in Figure 212.

Az B
11 O -

Figure 2.12: Example of a reaction graph (left) for a simple reaction sequence (right).

This method can also be used to represent multiple step sequences in the same manner,
with separate reaction graphs linked together to show the&eaction progression. These
graphs can be used for mechanism elucidation, by generating all possible reaction
combinations that fit a given set of criteria(Sinanoglu, 1975. In this approach, an
exhaustive set of graphs are generatk representing all possible reaction mechanism
combinations for a given number of reactionsA list of potential mechanisms for a
simple two step sequencdrom the hypothetical starting material MOL1is illustrated in
Figure 213.
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Figure 2.13: The reaction graphs for a two step reaction sequence, including loops
where a loop represents a rearrangementhe four graphs representa simple two step
progression; a rearrangement of molecule 1 followed by aeaction to molecule 2;a
reaction to molecule 2 followed bya rearrangement and a dynamic equilibrium. With
comparison to the observed behaviour of the reaction system, logical conclusions can

be drawn as to which of these mechanisms are valid, facilitating assignment.

By mapping the known reactant and product moleculesf the sequenceonto the nodes

it is possible to ascertain which mechanism is correct. Comparing observed
experiments with these graphs makes it clear if certain mechanisms are impossible in
given circumstances, andndicates which candidates are most likelyIn this example,if

an intermediate compound is detected as well as the starting material and product, this
indicates that the linear mechanism (the top of Figure 2.13) must be correcas both of
the other options only lead to the generation of a singlenolecule. This is of particular
benefit for more complicated sequences where mechanisms and in some cases, reaction
rates can be identified via application of this approachin conjunction with the

observation of reaction kinetics(Temkin and Bonchev, 1992

By combining collections of reaction graphs, it is possible to build a netwoilkustrating
the interactions between synthetic pathways. Initial literature referred to these forms

as chemical networks(Sellers, 1967, but to avoid confusion with property networks
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Oster and Perelsor(1974), as well as othersD OT B OA OEA OAOIi BOPOAAAOE
utilising graphs in this manner,it is possible to @in an insight into a reaction collection.

A number of metrics can be calculated to profile the nature of the connections within a
reaction data set. One example of particular interest is the node degree value, which
represents the number of edges that ifade a particular node (either inbound or
outbound). This can be used to highlight areas of over and underrepresentation ia
reaction network context, such as the k and k.. parameters reported by Grzybowski

et al. (2009). In this context the identification of nodes with particularly low degree
values would indicate regionsin the network space that are underrepresented.
Another, more straightforward visualisation of reaction sequences for comparisowas
developed by Proudfoot(2013). This takes a sequence and represents it as a road map,
colour coding each edge based on reaction yie&hd increasing the edge weights based
on the reaction scale. This means that high yieldarge scale reactions are represented
by heavy, green edges. The nodes themselves also vary in size, so molecules with high
atom counts are larger. By generating these networks for multiple reaction pathways,

the relative properties are made immediatelyobvious for comparison.

A more detailed approach to navigated reaction sequences is tiihemGP$roject by
the Grzybowski group(Fialkowski et al., 2005 Bishop et al., 2008. This project uses a
reaction network derived from the CrossFire databas€Elsevier) to create navigable
views of reaction databases These can be effectivg crawled and mined for
information in a similar way to the process used to index files within a sealcengine
crawler. As a consequence, ChemGPS can be used as a meanapggding andsearching
large collections of reactions for relevant information. The network creation process
for ChemGPSs the same as with other reaction network methods, with moleculeas
nodes, and edges connecting nodes where a reaction between the two molecules is
reported. Initially, the tool was used to highlight areas of chemical space whetbere
are gaps in synthetic knowledge that can be resolved by developing new syntheses
(Grzybowski et al., 2009. In this casethose areas where there is a low density of edg
(low node degree), ora gapwithin the network would be highlighted as regions of

interest.

Later work (Kowalik et al., 2012 Gothard et al., 2012 saw ChemGPS extended to

consider the pathways contained within the network for sequence optimisation.
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Kowalik reports a method for suggesting and optimising syntheses from a given
starting material. In this approach, one of the many algorithms for computing the
shortest path between nodes in a networKDijkstra, 1959, Hart et al., 1968 Cherkassky
et al., 1996, is used to present all possible reaction pathwaybetween two points.
However, as part of the optimisation, each edge in the network is assigned a weighting
based on parameters of interest, such as cost, or ease of synthedike collected
weightings for each path are then used focomparison and evaluaton of the results, to
help find the optimal pathway.Another, retrosynthetic approachto the same problem
is reported by Gothard(Gothard et al., 2012. Firstly, all reactions in the network that
lead directly to the product are considered in terms of the previously discussed cost
parameters. Once the optimunreaction has been selected for this step, the process
continues backwards from the starting material of that reaction through the network

until a suitable start point is identified.

The network path searching approach has also been reported as part of a potential

OAAOI U xAOTETC OIT16 &£ O EAAT OEEUETI ¢ AAOGEI U AOA
(Fuller et al., 2013. This utilises the same backwards search method through the
T AOxT OE AO xEOE ' 1 OEAOA grédherQnamiéplinigAoha singpedDET EOAOQET 1

sequence,it focussing on finding simple chemical routes to redated substances from
common household materials. If a path is identified that can be readily followed by
those with a basic understanding of chemistry, or access to basic chemical literature,

the relevant authorities can be notified to take action.

2.8 Conclusions

In this chapter, a number of different representation styles, formats and database
searching strategies have been discussetihese all have their own particularbenefits
in use, but for general purposesimple approachessuch as SMILES anthe .MOL and
RXNdominate. It is clear that cataloguing reactions in a manner that permits rapid
searching and synthetic awareness requires additional treatment and curation of the
data. This includes a number of methods for automated reaction centre detection and
classification, such as the reaction vector approaclthich forms the main focus of this
thesis. In the next chapter,methods for de novodesign will be discussed, looking at the

history of the technique, and the various design and evaluation methods employed.
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Chapter 3:

De novoDesign

3.1 Introduction

The idea of using computational technology to assist in the dign of drug candidates
AAcCAT O1 OAEA EIT A ET OEA 1AOA pwymndOh
comparisons between medically interesting protein structures and the three
dimensional geometry of small, druglike molecules in order to assess the abtl of the
molecules to bind to key receptor sitesHaving the ability to visualise the protein on
screen and assess significant numbers of potential candidates without the need for

expressing large amounts of the necessary proteigreatly assists inthe design process

Attempts to design worthwhile therapeutic candidatesin silico have largely fallen into
two main categories: those that evaluate large numbers of molecules already in
existence (secalled highthroughput virtual screening) and those that bild novel
molecules in order to fit a preestablished series of parameters, working from the
OC Ol OShhildredal., 2008. It is thisde novoapproach that thischapter will focus

on.

3.2 De novodesign tools to date

In de novodesign, there are two key elements that a computational tool needs to
implement: the method by which individual candidates are constructed, and some

scoring function to evaluate the candidates.

The earliestde novotools operated in threedimensional space, prducing molecules
according to a set of constraints imposed by the receptor site with which theyere to
interact. It is these interactions that determine how effective a molecule will be

therapeutically, and therefore form the basis for any scoring or congsison. However,
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the fact that the threedimensional structure of the active site needs to be known in
detail drastically limits the number of potential problems that can be analysed with
these methods. In addition, the computational power required to modesuch sites and
interactions is sufficiently large as to force considerable compromises in the modelling
compromising the results (Glen, 201). As a consequence, later work has seenmore
ligand-based approach to the problem, withscoring instead being based on known

active molecules.

In the ligand-based systems, the properties of the respective caitthtes are evaluated
against the structural features of an established reference compound or indeed a series
of compounds Depending on the tool used, and the nature of the scoring function,
ligand-based design methodologies can operate in either two or tee dimensions. For
example, the threedimensional case may use an appropriate model of th&ructural
features necessary for recognition (known as gharmacophore); while the two-
dimensional case performs comparisons based on topological characteristic$ the
reference compounds). With ligand-based methods providing significantly increased
adaptability to different targets over receptor-based approaches, while also proving to
be computationally less expensive to operate in the twdimensional case, it isno
surprise that the majority of de novotools produced after 1995 include some element
of ligand-based scoring within their functionality (Hartenfeller and Schneider, 2011
Schneider, 2014.

Over the course of this chapter, the various scoring present gte novodesign tools will
be explored, followed by the methods by which molecules are generatéa silico. The
approaches towards searching chemical solution space will also be covered, before

considering the efforts to implement synthetic feasibility checks within design tools.

3.2.1 Defining constraints in de novodesign

In all molecular design approaches, it is necessary to enre the generated results are
relevant and useful. This can be effectively achieved by applying constraints to the
solutions as they are being generated, with these taking different forms depending on
what information is available about the target. Forstructure-based methods, the

candidate molecule is positioned within the active site of the targeprotein with the
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system attempting to maximize the quantity and strength of the favourable interactions
OEAO xEIl 1 AAA GIAEGDQBT f AEdidErEtbAGhtER e
geometric constraints needed to build molecules to fit a given receptor, it is first
necessary to analyse the active site, looking for potentially interesting features that
could support hydrogen bonding, or Van der Waals interdions. This can be done by
searching for key features of the site in accordance with previous crystallographic
studies (a rule-based approach) or by consideration of the energy of the system as a
whole. In a rulebased approach, a basic appraisal is maddat assigrs atoms to
bonding and nonrAT 1T AET ¢ O1T 1 A0 ET AAAT OAAT AA xEOE
data. Such an approach can be seen with HSI{IBanziger and Dean, 1989 ewis and

Dean, 1989 which focussed on hydrogen bonding interactions and LUIB6hm, 1992).

The alternative approach is tocalculate energy hot spots within the virtual site,
obtaining a more genuine picture of the energy of the binding site. This can be achieved
via the probe atom approach seen in the work reported by Toda et a(2010), and
programs like LEGEND(Nishibata and Itai, 199), GRID(Goodford, 1985, MCDNLG
(Monte Carlo De NovolLigand Generator) (Gehlhaar et &, 1995 and those in the
CONCEPTS familgPearlman and Murcko, 1993. In principle, the prograns place an
atom at each grid point within the active site, and calculatthe binding energy. From

aggregating these results, the areas of energetic activity can be determined.

For ligand-based design methods, information about the active site structure is not
necessarily provided, so an alternative set of constraints are required. Many of these
methods instead focus orthe properties of compounds known to have activity often
screening the generated esults against some form opharmacophore model produced
from the actives.In these cases, theesults are evaluated according to the ability to fit
the identified features of the pharmacophore representing the sites of interaction
between the ligand andthe receptor. Examples of tools that use tese constraints
include PhDD (Huang et al., 2019, which mounts individual fragments in key sites
according to the pharmacophorewhich are then linked to form a molecule. Other tools
enhance pharmacophores to build a more complex model for comparisosych as with
the pseudoreceptor approach(Fayne, 2013. In these,the common structural features
from the pharmacophore are combinedwith additional steric considerations, based on

the three-dimensional conformations of the active compoundsto create something
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more akin to a traditional active site structure Results are then scored by evaluating
the goodness of fit to this model as seen witRrGen(Zbinden et al., 1998, which uses

estimates of binding energy between the generated molecule and the pseudoreceptor.

In circumstances where there ignsufficient data to constructa pharmacophore mode|
direct evaluation of the ligands based on chemical and structural propertiesan be
used as an alternative. For structure evaluation, the most common approachs to
calculate the similarity scores for the newproducts relative to the known active results,
with structural similarity implying a similar activity profile. One of theadvantages of
this method is that the calculations are less complex than thregimensional modelling,
drastically reducing the compuA OET T AT OEIT A OANOEOAA8 (1 xAOAON
two different molecules is subjective, and as such a number of different methods have
been reported to quantify the value, like the Tanimoto coefficient (Section 2.2.2).
Alternatively, design constraintscan be implemented by restricting the fragments
available for structure generation to a limited subset with known properties. Tools
such asPRO_LIGANDRClark et al., 199% use these limited approaches to empirically
score the molecule at each stepbasedon the ranks associated with the individual

fragments.

3.2.2 Structure generation - atoms versus fragments

Common to both ligandbased and receptorbased approaches is the need to construct
a molecular structure from scratch using some iterative process. Thisan be achieved
via two routes, either atomby-atom or by combining known molecular fragments

together from an established library.

In the atom-based case, each step in the molecular generation process directly affects
one atom of the final structure, thraugh removal, addition or substitution performed on
the structure generated previously. This is a relatively slow process, with only small
changes made at each step, but provides unlimited scope for exploring the whole
solution space. However, the size ohe problem rapidly becomessufficiently large to

be unworkable (approximately 10100 possible molecules can beonstructed that fit the
definition of drug-like behaviour) (Walters et al., 1998 Medina-Franco, 2012, and

heavy constraints have to be applied to ensure results in a reasonable time frame.
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The alternative fragmentbased approachby definition, restricts the solution space to
approximately 1013 molecules, assuming that an average drug candidate consists of a
scaffold and three side chains (based on the estimate of 10,000 realistic scaffolds and
the 1,000 known side chains used in drudike molecules (Walters et al., 1998). The
process helps to reduce the computational cost by presenting fewer molecules for
evaluation, but with the step size so large, the possibility of missing the optimal
solution to the problem is an issue(Schiller et al., 2008. However, fragmentbased

systems have additional advantages to the medicinal chemist, as will beplained later.

3.2.3 Structure generation strategies

When considering the construction of the molecule, whether atorby-atom or
fragment-by-fragment, the methods used t@onnectindividual building blocks together

fall into three separate categoriegSchiller et al., 2008. These are defined as:

1 growing
1 linking
1 lattice-based structure sampling

In this section each method will be considered in turn, highlighting key programs

reported, and their method of operation.

3.2.3.1 Growing approach

FFO OEA cOixET ¢ APPOI AAER A OOAAAS AOQI I
target site, with motifs from a library added around the seed in order to optimise the
interaction between the formed molecule and the target site. This is the logic behind
the GenStar(Rotstein and Murcko, 1993& and GroupBuild (Rotstein and Murcko,
1993b) programs which represent atom and fragmentbased approaches to the same

problem.

In the atombased approachesas seen in LEGENDNishibata and Itai, 199) and

GrowMol (Bohacek and McMartin, 199%, an atom is positioned within the site, usually
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in alignment with a three-dimensional grid. The seed atom iplaced first and its type
and location is chosen t@nsure that the seed forms hydrogen bonds with a randomly
chosen heteroatom in the target site. Thereafter each new atom is linked to a randomly
selected part of the previously generated structure, with the atom type and orientation

also randomised.

PROLIGAND(Clark et al., 1995 takes a fragmentbased approach, using four different
libraries with which to build the molecule at the appropriate stages. These can be
ranked by the user in accordance with the type of chemistry desired, or alternatively
scored empirically by the program, based on summation of individual recepteligand
energies and bond distancesFOG (Fragment Optimised Growth)Kutchukian et al.,
2009) works in a very similar way, adding a Markov chain training approach, where
reference compounds can be used to create an optimised library that is more likely to

create druglike compounds.

One of the main problems with the growing approach is that the giwth method is
often non-deterministic, and as such different runs will producedifferent results,
potentially missing the optimal solution and indeed, possibly missing key interaction
sites altogether due to lack of compatible geometry. In addition, theature of the
scoring and building process forces the progression of the molecule through
increasingly energetically favourable areas, precluding access to any superior solutions

that may have less stable intermediary stages.

3.2.3.2 Linking approach

In the linking approach (Leach and Kilvington, 1994Leach and Lewis, 1994 the main
interaction sites at the receptor are highlighted, and the molecule generation program
focuses on placing structural motifs at these sites, either through prdocking via
another tool, such as with GRID and HOQ(kisen et al., 199%, or through empirical
analysis of the site at bid time, as in LUDI(B6hm, 1992. By establishing points of
growth at all of the important interaction sites, one of the key problems with the
growth approach, that of missing key sites, is negated. In LUDI, the program attempts to
connect predocked mnolecular fragments together to give a complete candidate

structure that can be synthesised. The difficulty here is ensuring that the linked
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molecule remains feasible, synthetically and structurally, as the linking chemistry may
not be compatible with the fagment selected. In addition, due to the assumptions made
in the virtual model, there is a chance that the produced molecule will have a different
conformation than the modelled one, which could have a significant effect on the
predicted scores, althoughthis can also be said of growing approaches. Other methods
of generating molecules via linking can be found iIRONFIRM Thompson et al., 2008,
FOUNDATIONHo and Marshall, 19933, SPLICEHo and Marshall, 1993h, NEWLEAD
(Tschinke and Cohen, 1998 FlexNovo (Degen and Rarey, 2006 PIDD (Huang et al.,
2010) and the work of White and Wilson(2010).

SPROUT(GiIllet et al., 1993, uses a combination of both the growing and linking
methods to produce molecular candidates. Initially, HIPPQGillet et al., 1995 is run to
analyse the potential receptor site. HIPPO follows rules regarding hydrogen
positioning, the location of hydrogen bond acceptors and donors and any potential
covalent bonding sites in order to identify key interaction sites. The rule set is based on
literature results, and statistically validated by comparison with structures from the
Protein Databank.SPROUT then proceeds to build initial skeletal structures using a
three-dimensional subgraph methodology(Mata et al., 199%, where the edges of the
graph represent the bonds andhe vertices represent a generic atom type making one
graph equivalent to a number of potential structures. Partial structures or fragments
are positioned at the various target sites, and grown outwards until they can be joined
together to form one structure - this is achieved by overlaying a template common to
both on the region in question. When all fragments have been joined the atom types are
also manipulated at this point to make the molecules into realistic structures that

complement the binding sitefeatures.

One further approach used by some twalimensional tools is to take known active
compounds and rearrange their fragments in different manners or with different
geometries to create a new lead. This approach can be found in BREF®rce et al.,
2004) which uses ligangd known to bind to a particular target site as its fragment
source and in FLUXFechner and Schneider, 2009-echner and Schneider, 200)Avhich
connects entities from a library of likely candidate fragments using randomly assigned
linking groups. The BIBuilder method(Teodoro and Muegge, 201}, uses a BREElke

algorithm with a library of fragments generated via RECAP retrosynthesis of a relevant
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drug library. The RECAP (Retrosynthetic Combinatorial Analysis Procedur@)ewell et
al., 1998 rules were originally designed as an attempt to heuristically retrosynthesise
molecules togive stable fragments as potential starting points for new lead compounds.
BlBuilder works by first fragmenting a set of molecules according to th&l defined
bond types in RECAP The user thendefines design constraints(either a known
receptor for a structure-based design, or suitable ligands for a ligandased design.
New lead compounds are createdby linking the generated fragmentsin all possible
ways. Other similar approaches, such as that by Foscato et §014) prevent the
combinatorial explosion by filtering the produced fragments, andassessing any
potential linkages for chemical compatibility prior to generating the productsFurther
use of the RECAP principles can be seen in the feasibility checks implemenia
programs like ARChem/Route DesignefLaw et al., 2009, which uses retrosyithetic

rules generated automatically from reaction databases.

3.2.3.3 Lattice -based structure sampling

In lattice-based structure sampling, a lattice of carbon atoms mixed with other random
atom types, or indeed molecular fragments from a selected library, is csimucted in the
active site. Structures are built by generating bonds along the shortest path between
lattice atoms that bridge the points of interaction. This approach can be seen in
BUILDER(Lewis et al., 1992. To use the program, DOCiuntz et al., 1982 DesJarlais

et al., 1988 must first be run. This scans a library of compounds in search ofatecules

or fragments that will most appropriately fit the target site, subsequently generating
lattices with the selected entities placed within them. The user must then select from
the generated lattices any particular regions of interest. From this, BUDER selects a
start point, and the various molecules are linked in sequence, using bridging elements
again selected from a list of suitable candidates. This leads to a more interactive design
tool than most programs, relying more heavily on user input. Heever, the automated
bridging logic proves limited, both in terms of synthetic feasibility and compound
diversity. These problems were largely remedied in BUILDER v.Roe and Kuntz,
1995), which uses heuristic rule sets applied to the search strategies which serve to
decrease needless complexity found in the molecular linkages generated by the
previous tool. PRO_SELECT (Systematic Elaboration of Libraries Enhanced by

Computational Techniques)(Murray et al., 1997 also uses the lattice framework
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approach, adding it to the PRO_LIGAND software previously discussed, in order to
enhance operation Further information about these and simila methods can be found

in the review by Cavasottaand Phatak(2011).

3.2.3.4 Scoring methods

A major issue inde novodesign is the need to evaluate the proposed molecules after
generation. One approach in structurbasedde novodesign is to first build structures
using a wo-dimensional method and then generate the threelimensional structures
and use docking methods to calculatehe free energies of associatiorfor use as a
ranking criterion. For this approach, most of the established docking methods such as
AutoDock Vina(Trott and Olson, 2010 can be adapted for this, providing that suitable
target information is provided for the fitting. It does not necesarily follow, however,
that all functionsthat predict the ideal binding geometry for a molecule will be suitable
for comparing different ligands. In particular, the additional computational time
required to dock all potential solutions makes the procesmefficient without some pre-
screening approach.When these are factored in, the use dodn additional bespoke
scoring function to assist in selection has benefits over the usual execution time
penalties associated withadding an additional processto the setup In all cases, when
looking at potential geometriesfor docking, it is necessary to consider the number of
degrees of freedompossessed byboth the site and the candidate. As more realistic
treatments of conformation flexibility are added, sathe complexity of the calculations
increases, resulting in a tradeoff between absolute accuracy and computation time
(Dias and Filgueira de Azevedo Jr., 2008As all potential candidate molecies must be
screened in a number of geometries, the amount of time taken to process each molecule
is a significant factor in determining the maximum number of molecules that can be

evaluated.

Where molecules are generated directly in the binding sitsome evaluation isrequired
of the partial solutionsto ensure thatthat the synthesisproceeds in the right direction,
with the minimum of inactive or unsuitable results. For iterative methods, this is
relatively straightforward in that the result population canbe rankedat the end of each
iteration, with the bestperforming moleculesused as the parents fothe nextstep. Any

individual property of the moleculethat can be expresseds a relative scorecan be
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used in this manner, butmany bespoke algorithmshave been reportedthat combine
these evaluations with other screening functions, such aBOPAS (TOPologyssigning
System) (Schneider et al., 200D Each structure produced is scored for fitness by
comparison with the target compound, using topological pharmacophores and the
Tanimoto coefficient If the results converge to an optimum (i.e. no structural changes
occur over multiple generations) the process $ automatically stopped; otherwise the
iterations continue using the best performing molecules as the new paresuntil the
maximum number of iterations is reached Approaches likeTOPASand other iterative
optimisation techniques are particularly effective where large numbers of molecules
could potentially be generated,as they help to cut down thepotential time wasted

pursuing undesirable solutions.

3.2.4 Searching strategies

One significant issue withde novotools relates to the nature of the exploration othe
chemical space. As previously mentioned, the number of individual molecules available
to the de novodesign tool is so lage that to attempt to explore chemical spacén its
entirety would be completely infeasible. It is therefore necessary to find smeans to
sample the space to give usable results within the research timeframe. Traditionally,
these search methods have included breadthand depthfirst algorithms as well as

various stochastic sampling routines.

3.2.4.1 Breadth - and depth -first searching

The breadth- and depthfirst searching regimes differ in the degree of storage of the
search results at each individual step. When dealing with a limited search space, the
two techniques have their own advantages. In breadtfirst searching, all the partid
solutions reported by the program are scored, with a subset taken on to pursue further,
leading to a large number of simultaneous search processes. As a conseguence, as the
number of potential paths increass, the timeframe for the search also increases
dramatically. This makes breadtHfirst searching more appropriate to methods that
provide limited diversity within construction such as LUDI(Bohm, 1992. When using

depth-first searching, on the other hand, the number of paths pursued at one time is
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limited to one i.e. one partial solution at each level is retained until the end result is

reached, getting to a result relatively quickly.

In both cases, the limitations placed on the searching methods may ultimately make the
searching process more efficiet, but the use of such techniques may result in missing
the optimal candidate. The main problem is that when choosing which result to retain
at a given point, the tendency is to go for the best scoring molecule at that point, which
may favour an overall nediocre solution over a poor scoring intermediate that may
rapidly evolve into an ideal candidate. This can be improved by utilising backtracking

algorithms such as those in SPROUT to review alternative solutions should issues arise.

3.2.4.2 Stochastic sampling an d searching

There are a number of different stochastic approaches to sampllee space, from Monte
Carlo approaches to those more closely related to genetic algorithmand genetic

algorithms themselves

In the Monte Carlomethod the solution space is sampled, with individual movements
within the spaceoccurring at random. As this unfocussed searching is computationally

very expensive, the Metropolis criterion is often applied to act as a filter

A
0 | Epia
Equation 3.1: The Monte Carlo Metropolis Criterion

If the movement from one molecule to the next results in raimprovement in the
scoring function, the result is accepted and the next modification is generated.
However, if the modification results in a reluction in the scoring function, the
probability that the change will be accepted is calculated in accordance with the
equation above, where P is the probability of acceptance, T represents the absolute
temperature of the system in Kelvin(a reference to the system entropy seen in
simulated annealing processesA 1 Ascoreepresents the change in the score as the
result of modification. Such Monte Carlo searching has been employed in
CONCEPTS/CONCERTSCréation Of Novel Compounds By Evaluation Of
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Particles/Residues at Target Sites)(Pearlman and Murcko, 1993 Pearlman and

Murcko, 1996), SkelGen (Todorov and Dean, 1998 (Lloyd et al., 2003, DycoBlock(Liu

et al., 1999 and SMoG (Small Molecule Growth)DeWitte and Shakhnovich, 1998 In

these cases an estimate of the free energy of the interactions is used as therisg,

either directly in the case of CONCEPTS/CONCERTS®part ofa more knowledge

based approach as in SMoG, or the Monte Cale NovaLigand Generator or MCDNLG

(Gehlhaar et al., 1995 In all these cab Oh AU £ET A OOT EI ¢ OEA 0648 PDPAO
run, initial wide variations can be made to hone in on a particular molecule (referred to

AO OATTAAT ET ¢cé6 OEA OUOOAI Qs 4EEO Ol OEi AGAT U OAOC
scores highly, but differentruns can result in differing solutions due to the random

nature of the movements through chemical space.

3.2.4.3 Genetic algorithms (GAS)

Genetic algorithms work on populations of potential molecular candidates, utilising the
Darwinian principles of natural seledion and survival of the fittest, attempting to
mimic the mutation and crossover operations present in reproduction(Back et al.,
1997). The algorithms treat theindividual bits within a data string, or the individual
atoms in a molecule structure as chromosomes to be manipulated in a number of
different ways. Usually, oneof the encodedoperatorsis selectedat random and applied
to one or more chromosomesaccording to the rules associated with it, creating new
results to be evaluated Once the results are scored, the process repeats until the goal is
reached, or the maximum number of iterations is reachedn the vast majority of cases,

two distinct operators are used

1 Mutation z An individual component of the representation (an atom, bond or
evena whole functional group) is randomly replaced with another or deleted to
generate a new molecule.

f Crossoverz 4 x1  OAT AT 11U AET OAT 111 AABI AO j OEA OPA
sections of their data exchanged at a convenient linkage point, resulting in the

addition of the new combinations to the population.

4AEA OOAT AT 11 AOOS antl dperfideshsdy tomdidiAgtitiepiolilem of

local optima, wherea series of operations can find a less than ideal solution due to an

42



inability to adequately explore the sample space. By adding a random element, other
solutions are at least considered, reducing the likelihood of this problem occurrind@ he
degree of randomness in the systens usually influenced in some manner, such as in
OEA OxAECEOAA eléxliod méhod) dhere grdupsioBmoldcules that score
highly have a higher chance of being selected than lower scoring alternatives. This
serves to guide the searching towards optimal solutions, while still retaining an

element of diversity with the randomelement.

The Chemical Genesis prograrfGlen and Payne, 1995applies these principles starting
with an initial seed molecule input as a SMILES string, or other twoor three-
dimensional structure. In all casesthe GA operates ora 3Dconformation that has been
generated from the molecule rather than a traditional 2D chromosome. As a
consequence, thestandard GA operations are enhanced to include translation and
rotation of either the molecular structure or an individual bond, as well as enhanced
mutation operations that change atom types and add methylene or ring substituentat
each step, prent molecules are selected ané set number ofthe GAoperations are
applied to make new hybrids,with two separate lists of results for the mutation and
crossover operations. These structures are then optimised using molecular mechanics
and scored according to a numbeof criteria. These include restrictions on the volume
of the manipulated structure, as well as the sual collection of molecular properties

derived from the target.

MEGA (Multiobjective Evolutionary Graph Algorithm) (Nicolaou et al., 2009 uses
molecular graphs for its molecular representations, with the start point defined as a
particular structure input by the user or assembled at rutime from a library of suitable
fragments. This start point then has the genetic operators applied to generate a
population of suitable candidates that are converted into threalimensional
representations and docked into a binding site. The molecules are@ed according to
their interactions with the binding site and by comparisons with the Lipinski rules
(Lipinski et al., 1997 to ensure they are drug-like. These scoring functions represent
the multiple objectives useal to guide the generation of the moleculesThis same
approach is seen with theSENECA progranfHan and Steinbeck, 200¢and the Pareto
Ligand Designer(Ekins et al., 2010, which uses a reference molecule set to identify

objective vdues to build Pareto fronts.The Pareto efficiency approach refers to the
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allocation of resources (properties and scoresin such a manner that it is impossible to
improve one individual without disadvantaging another in thedistribution . The Pareto
front for a system is one for which the set of property allocations for eesult set all
meet the requirements for Pareto efficiency(these results are referred to as non
dominated results). Any solutions that meet this criteria ae stored are used for the
next molecule evolution step via a humber of transformation rules, including those
from Drug Guru (Stewart et al., 2009, until the optimisation criteria are met. Drug
Guru incorporates 186 rules in the form of SMIRKS stringas shown in Figure 2 in
Section 23.2, favouring functional group transformations and a number of ring

structure modifications.

CoG (Compound Generator)Brown et al., 20094 and the Globus method Globuset al.,
1999) use a typical GA approach, with the ability to backtrack alorgynthetic routes.
The development of each moleculds represented as a individual subgraph in a
collated synthesk tree, using standard genetic operations used on the nodes, and
Tanimoto similarity scoring. GANDI (Dey and Caflisch, 2008 uses a GA methodfor
fragments, but without the use of multiple mutation operators. Instead, fragments are
prearranged and docked within the active site with a number of suitable linkers chosen
at random and evaluated via eitherwo-dimensional similarity coefficients or a three
AEi AT OETT AT 1 OGAOI Ap A&EOTAOGEIT T8 )1 1 OAAO
constant re-evaluation of the same complexes &@bu search(as discussed byRusu and
Bulacovschi(2006), after the work by Glover)is used, where knowledge of th@revious

potential solutions is stored.

LeapFrog (Tripos, Kharkar et al., 2009 does not employ a genetic algorithm in the
strictest sense, but it does use the standard genetic operators for its molecular
constructions. Configuration of the program allows it to operate in o@ of three modes
suggesting improvements to a given structure (Optimise); creatg a bespoke molecule
(Dream); and providing a more interactive stepwise design process (Guide). EA
Inventor (Tripos) uses a more conventional evolutionary algorithm, making all
operators tuneable to increase or decrease the likelih@bof them being used Feher et
al., 2008.
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An alternative approach to GAike expansion from a fked scaffold is the BOMB
(Biochemical and Organic Model Builder) methodJorgensen et al., 2006in which a
seed structure is modified extensively with different side chains in an iterative fashion
to form a product. The process involves a library of over 100 cores and 600
substituents that can be overlaid to the structure to build ligands which are then
optimised and scored. While not implementing all of the GA operations, the creation
and optimisation methods are sinlar to standard mutations. LigBuilder (Wang et al.,
2000, Yuan et al., 201) works in a similar manner, but using an elitist approach to
ensure that each successivageneration does not result in a backward step. The
program uses a GA approach, implementing the growing and linking strategies as
described in Section 3.3, with a fixed proportion of the highest scoring results (based
on the free energy of their bindingwith the active site) copied from one generation to

the next.

In terms of exclusively twodimensional approaches, the Nachbar method of molecule
evolution (Nachbar, 2000 uses a genetic programming tree structure, as opposed to
linear chains whendescribing molecules. The initialpopulation is created randomly,
selecting one atom and adding new bonds until its valence is complete. New atoms are
then added as appropriate, with new bonds added and so forth, branching out until
terminated by either the random selection of a terminal atom (hydrogen for example),
or maximum depth for the system is reached. This is repeated for different start points
until a population is generated. The members of the population are then scored by
similarity comparisons with a reference compound. Optimisation then proceeds

through the usual mutation and crossover parameters.

Other, similar methods includeTOPAS (TOPologssigning System)(Schneider et al.,
2000), as discussed in SectioB.2.3 and 3.2.4 andADAPT(Pegg et al., 2001L The latter
method combinesa genetic algorithm approach with dragment-based linkingmethod,

using DOCK 4.0 to evaluate fitness.

3.2.5 Particle swarm optimisation

Particle swarm optimisation (PSO) was first proposed by Kennedy and Eberhg1995)

as a means of simulating social behaviowen masseand s best described as a subset of
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evolutionary algorithms. In it, each individual candidate solution can be described as a
particle within the swarm. The particles effectively move through the search space
independently, but are guided by their own previougesults, and the best results of the

swarm as a whole. In this way, the system quickly converges to a solution.

PSOhas been utilised for de novo design n COLIBREE (COmbinatorial Library
BREEding)(Hartenfeller et al., 200§. A starting molecule is selected which will serve
as the basis for each individual particle inthe swarm. Eachof theseparticles can access
the library of fragments and linkers that can be combined to generate potential new
molecule for evaluation, which is stored within the structure of the particle A score is
allocated to each fragment and liker (known asa quality vector or QV) representing
the suitability of the unit for the scenario in question and the likelihood of selection at a
given point, in order to allow the swarm to operateln eachiteration, all the particles
are informed of the highest scoring solution, which is used alongside thadividual
results to select the next operation The operation is chosenvia roulette wheel
sampling, with the additional ability to edit the scores externally toforce a particular
route to be covered.A similar variant, Ant Colony Optimisation is used in tools such as
MAnNtA (Molecular Ant Algorithm) (Reutlinger et al., 2014. In MAntA, as each fragment
and linkerisAOAT OAOAAR A OAT OA EO AOOECT AA EI
which gradually diminishes over time. Much like a real ant colony, the shorter, superior
routes to a target are more kely to be coveredrepeatedly, which increases the
concentration, creating a weighted sampling method that converges rapidly towards a

solution.

3.3 Synthetic feasibility in de novodesign

One of the main issues imle novodesign is ensuring the synthetic accessibility of the

suggested compounds. Two approachdsave been developed to tackle this problem

The first is to score compounds on ease of synthesis once they have been generated

(allowing the de novotool to operate without restrictin g the samping space) while the
other is to base the structural transformation operations embedded within thele novo
design tools on known reactions, restricting the sample space but ensuring, at least in

theory, that a synthetic route emains available for any solution generated.
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3.3.1 Feasibility scoring functions

Many of the de novotools produced post1995 look to implement some form of
synthetic feasibility check within their scoring, imposing penalties on structures that
have too many of a particular group, for example. RASSE (RAtional Space SEarching)
(Luo et al., 1996 and TOPAYSchneider et al., 200pscore molecules on the structural
features present that affect synthesis (favouring esters and amides over enols and
peroxides, for example, and avoiding overly large atom counts) as well as their binding
affinity and other similar parameters in order to ensure suitable results. In the case of
RASSE, a standard ligarbased scoring approach is used, but penalties are applied for
every instance of a chemically unstable functional group or excessive use of asymmetri

structural elements prior to tabulation of the results.

Another approach is to leave the scoring functionality untouched, and instead perform
a more detailed, specific evaluation on the final candidateas seen inthe SYLVIA
structure evaluation method (Boda et al., 2007Molecular Networks GmbH. As well as
ring complexity and chirality, this method also takes into account topological and atom
type features, alongside a retrosynthetic analysis of the molecule in question to identify
simple, readily available precursors.Allu and Oprea(2005) take a similar approach,
with the synthetic and molecular complexity (SMCM) scoring system intended for use
with existing de novotools. Firstly, each atom is assigned a relative electronegativity
value according to empirical data, and then every bond iglentified and assigned a
parameter value.Next, the molecule is assessed for features that are known to be more
complicated to synthesise, such as chiral centresr complex ring systems, and an
additional penalty score calculated. The final score is theim of these individual values
and represents the ease of molecule generatiapthe higher the score, the harder the
molecule is to synthesise. CAESA (Computer Assisted Estimation of Synthetic
Accessibility) (Gillet et al., 1995, analyses a given structureto determine the likelihood

of there being suitable starting materials Any potential issues regarding
stereochemical complexity, topological details or specific functional groups that may
hinder a synthesisare highlighted, and then the candidates are ranked in order of
synthetic ease This effectively actdn the same manner as a qudied synthetic chemist

would when facing the same problem, but on a larger scale
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3.3.2 Reaction-based de novodesign

Another approach to the synthetic feasibility problem is to limit the range of
transformations to known reactions. For these purposes, the Daght SMIRKS
(Daylight Chemical Information Systemp language is often used to encode the
OOAT O Of AGEI 10 | AEEAAOEBBAQRY OBDOIAD GOAI
characterise the reaction centre directlySome of the earliest examples of this process
in de novodesign are the previously mentioned TOPA&Schneider et al., 200p and
FLUX (Fechner and Schneider, 2006 In these cases, the synthetic restrictions come
from a master set of 11 reaction transformations (the RECAP rules (Sectio3),
encoded as SMIRKS), and a fixed fragment library derived from retrasipesis of the
contents of the World Drug Index in the case of TOPAS or the COBRA library (Collection
Of Bioactive Reference Analogues, a literature collection of 4,236 molecules with
known structures, activities and bioavailability information) (Schneider and Schneider,
2003) in the case of FLUXDeliberate restriction of reaction transformations to hard
coded libraries can also be useful for producing multiple candidates that follow a
similar synthetic route. This is of particular benefit when attempting to build focussed
arrays for high throughput screening based around particularin silico properties or
existing results. The vProtocol method Schiirer et al., 200% derives its rule set from a
collection of synthetic literature schemesfiltered for compatibility, utilised as part of a
genetic algorithm basedde novotool. The program generates a series of products
together with the reaction sequences used to create them, with the GA used to optimise
both elements. One advantage of the approach is that particularly effective short

sequences found by vProtocol can be added to the rudet for future use.

SYNOPSISSYNthesie and OPtimize Systenm Silico (Vinkers et al., 2003 starts with

a database of existing macules, such as those available within the Available Chemicals
Directory (BIOVIA one of which is selected in accordance with a Monte Carlo function
(Section 3.25.2). The molecule is then analysed for appropriate functional groups by
guery matching with the library of 70 manually codedreaction transformations. Each
transformation included within the database is chosen to be suitable for a wide range
of reactants,while the query elements of the SMIRKS string ensure that reactions are
not applied where the structure or competing functionality would prevent their use in

real life. Of those that are suitable, one is selected at random and applied to the

48

(@]

AE AA£EA



molecule,to generate a hew molecule which is scoredThe Monte Carlo function then
selects another molecule, gradually annealing the system so that processor time is
devoted towards improving the quality of the solutions rather than attempting to
enhance the populationas a whole This simulated annealingapproach was extended to
multiple objectives by MOLig, which takes the Monte Carlo method to optimise around
internal energy, energy of interaction, bioavailability and similarity to a reference

compound.

DOGS (DesignOf Genuine Structures)(Hartenfeller et al., 2013 uses a similar
approach, butwith the transformations encodedin a bespoke language, ReactielQL
(Reisen et al., 2008 This depicts the individual bonds and electrons in a linear format,
better suited to storage within SQL data tables or other similar stage solutions.The
DOGSreaction library is designed to besufficiently generic to be applied to a wide
range of reactants. A molecular fragment library is then processed to assess the
reactivity of each fragmenttowards each of the list reactions, and th reaction centres

in each case, flagging the entries accordingly. The structure generation process is then a
case of selecting a reaction from the database, and applying it to th&rting molecule

at the identified reaction centres For optimisation purposes, an initial pilot study is
performed with one reaction from each class in the library (the one predicted to be the
most effective), with the collected results evaluated. The classes that produced the best
results are then investigated in more detailwith all of the reaction they contain being
used to generate compoundslf the starting material requires it, two component
reactions can be processed by applying transformations tall of the suitable structural
features, butonly the highest scoring comimations are retained for processing due to

the potential population size problerrs.

As an alternative to the preencoded systems, reactions can be directly represented as
difference values between reactant and product environments as in the reaction vector
approach (Broughton et al., 2003 Patel et al., 2009, (Section 4p 8 ! OOAAAOQEIT I
is a set of atom pair descriptors representing two and three bond distances, indicating

the differences between the product and theeactant i.e. which atoms have changed. By
representing reactions in this manner, transformations are reduced to the reaction

centre and immediate environment, enabling any set of reactions to be encoded

without reference to predefined transformation rules or atom maps making the overall
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input significantly more straightforward. It should be noted that, because the atom pair
data represents only the immediate reaction environment, the same issues that affect
all similar reaction centre methods are presenthere. For example, any functional
groups that would cause reaction incompatibility in a real world synthesis (due to
steric or electronic effects) will have their effect ignored if they are not directly
connected to the perceived reaction centre. Carefgklection of the size of the reaction
centre can mitigate this effect, but can present its own problems with respect to
novelty. In general a compromise is required asthe greater the number of bonds
recorded as part of the reaction centre, the narrowerhe scope of applicationof the

reaction to novel starting materials.

In the reaction vectorde novodesigntool, an initial database of reactions is converted
to the vector representation to be stored internally and recalled as necessary. A starting
molecule is input, and evaluated against the reaction vectors to determine which
reactions are possible for that structure. One of these is selected at random, at which
point the reaction is appliedin silico using an algorithm that is described laterin the
thesis. This process is then repeated with another copy of the starting molecule to
generate a populationof solutions. At this point, a weighted roulette wheel sampling is
used to pick a candidate for the next phase and so on for a set number of iteratioAs.
this method is the foundation of the work presented in this thesis, a more detailed

discussion of this method is included in Chapter 4.

3.4 Drug-likeness in de novodesign

Much like the assessment of synthetic feasibility, there are two main approaches to
ensuring that the results produced byde novotools are usefuldrug candidates These
are post hocevaluation of a given set of results based oa given set of criterig or via
restriction of the used transformations and structural elements to those knowro be

commonly used in drug design

3.4.1 Rule-based drug-likeness evaluation

One of the most common approaches used is to filter any prospective results against a
simple set of rules devised by Lipinski(Lipinski et al., 1997 Lipinski, 2004). These

empirical rules are based on the principle that the majority of orally administered
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drugs are lipophilic, and relatively low in molecularmass.The rules wse the following

criteria:
1 molecular mass below 500 Da
1 log P (octanolwater partition coefficient) value below 5
1 no more than 5 hydrogen bond donors (N H and @ H bonds)
1 no more than 10 hydrogen bond acceptors (nitrogen and oxygen atoms)

where an orally available molecule breaks no more thantwo of these rules.As all of
these values are multiples of five, these rules are often referred to &e rule of five,
despite the original list only having four criteria. One of the key advantages to such an
approach is that the properties are easily calculated from awvo-dimensional structure,
with software libraries such as Marvin(ChemAxor) and MOE(Chemical Computing
Group Inc., 2015 able to calculate these in order to assighe evaluation of results after
generation. As a resultsuch evaluations are commonly used as simple addition to
existing de novomethods requiring little additional effort to implement . However, tools
such asPHDDdirectly incorporate the rule of five into the designworkflow , with non-
drug-like compounds removed from the result list prior to calculation of the fitness

values.

Further studies into bioavailability have led to additional rules being developed to
improve the quality of the predictions (Ghose et al., 1999 These includeadjustments
to the molecular mass and lo@® ranges (180z 500 Da and-0.4 to 5.6 respectvely), as
well as requiring an atom count for the molecule between 20 and 7@ related rule
system for identifying good lead compounds also exists, the rule of thré€ongreve et
al., 2003. This suggests that leads should have log P values below 3rplecular
masses below 300 Da and no more than thre®ydrogen bond donors and acceptorsas

well aslimiting structures to no more than three rotatable bonds

3.4.2 Transformation -based drug-likeness evaluation

An alternative method of ensuring druglikeness is to estrict the available
transformations and fragments for de novo structure generation. Many of these

methods have already been covered in Section 3.3.2, as thibraries and rule
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definitions used in tools such as DOGS, FLUX and TOPAS to determine synthetic
feasibility are derived from collections of compounds known to be bioactive with the
aim ofincreasing the likelihood of drug-like results. The BOMB tooMiscussedin Section
3.2.4.3 also uses this approach, with the librg of coresand sidechains pres&ected to

ensure compatibility and bioavailability.

3.5 Conclusions

This chapter has looked at howde novodesign tools have progressed, and the various
methodologies by which they operateDespite the initial interest being in structure
based de novodesign, t is interesting to note that in recent years, programs have
tended to focus on liganeébased design and on structure optimisationThis could be
because drug discovery chemists are seeking to either improve on known entities from
other companies,or their own assay screening results without necessarily wanting to
design compounds from scratch. Alsgtwo-dimensional comparisons take considerably
less computation timethan three-dimensional methods making them a more efficient
screening method. In any case, comparing potential candidates to a reference
compound via three and two-dimensional metrics seems to be the underlying scoring

method for these programs.

It has beensuggestedthat the lack of uptake of traditional de novodesign tools is
largely due to thefailure to consider how the candidates can be synthesised. Many of
the more recentde novotools do consider the feasibility of synthesising the output by
reference to reaction databases, either commercial or bespoke, or through some tsof
review process of the final candidate moleculesOne of the main advantages of the
reaction vector method is that this synthetic accessibility is an integral part of the tool,
due to the nature of the data collection.
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Chapter 4:

Reaction Vectors

4.1 Introduction

Previous work carried out within the research group(Hristozov et al., 2011 Patel et al.,
2009, Patel et al., 2008 resulted in the creation of a knowledgebasedde novodesign
tool based on reaction vectos as introduced in Chapter 3. As this project enhances and
extends this work, it is necessary to summarise how the tool works, and how it may be

used to generate structures.

4.2 The Reaction Vector (RV) format

As previously discussed in Section 1.2 and Secti@3.2, a reaction vector stores the
structural changes that occur over the course of a chemical reaction as a difference
vector. In ade novodesign context a reaction vector can be applied to different starting
materials to generate novel structures. In oder to deliver the best compromise
between applicability, ease of calculation and simplicity, the changes are encoded in the
form of atom pair descriptors (Carhart et al., 1985%. In this project, two different forms

of atom pair descriptors are used, which are refeed to as AP2 and AP3, with the
number in the descriptor representing the length of the path involved. The AP2
descriptor refers to two atoms that are directly bonded, whereas the AP3 descriptor
refers to a pair of atoms separated by two bonds. This meanthat AP2 descriptors
encode bond information, with the AP3 descriptors providing information about the
environment of the bond, specifically one bond away from the changed bond. The
descriptors take the formX1(h,p,r)-S(o)}X2(h,p,r), where:

X1 and X2 arghe atoms in question

h represents the number of norhydrogen connections to the atom
D EO OEA bofusthefatom donfEbutes to

r is the number of rings the atom is part of

S is the path separation (i.e. whether this is an AP2 or AP3)

= =4 -4 -—a -—a A

o0 is the ond order of the connection (only relevant for AP2)
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The O thérameter is calculated as followslnitially, p is set to zero for each atom in
question, before echbond for the atom is analysedin turn; if the bond is aromatic or
double, p is incremented byone; if the bond is triple, p is incremented bytwo. As a
result of this calculation, a Kekut representation of an aromatic structure will give a
different atom pair descriptor to a delocalised representationAs a Kekué structure
uses alternating singé and double bonds to represent aromaticity, any atom in the ring
is perceived as havingat least one double bond and one single bond and therefore p
will be incremented by one (assuming no other bonds)whereas in a delocalised
system both ring bonds incilent to an atomwill be assigned as aromatic and therefore
p will be incremented by two (again assuming no other bonds)n order to prevent
problems with these mismatching definitions, a standardisation step is used to convert
all structures to the delocdised aromatic representation prior to analysis Additionally,
any explicit hydrogen atomsare also removedfrom the molecule for consistencyThe
bond order parameterO lis@ssigned a follows. A single bond is 1; a double bond is 2; a

triple bond is 3;and an aromatic bond is 4.

To generate a reaction vector, thatom descriptors are calculated for both sides of the

OAAAOET T h xEOE OEA 1EOO AOOTI AEAOAA xEOE OEA OOA

OEA OPOI AOBAOS OEAA Olransiméridn itdelf. THe redulf AFANBE T 1

process is a set of negativatom pairs that represent atons and bondsthat are lost as
part of the transformation and a set ofpositive atom pairs that represent atoms and
bondsthat are gained. An example of thiprocess for a sampleearrangementreaction
is presented in Figure 41, with the negativeatom pairs (AP2s and AP3s)isted on the
left in red, and the positiveatom pairs listed on the right in green The AP2 descripta
associated with the @ N bond that noves as part of the rearrangemendoes not
appear in thereaction vector since there are @ N bonds in both the reactant and the
product which cancel out when the difference is calculated. However, the reaction
vector contains negative and positive AP3 desptors that include the N, and these
encode the changing environment of the €N bond. It should be noted that the
reaction vector code handles theeaction as shown with the reactant and product as
separate entities; it has no knowledge of tautomerism omesomerism and as such this

reaction is processed as entered.
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Illustration of
INGIIEETERGCINOYM bonds removed
VIO RUEREETio sl (red line indicates
removed bonds)

Atom Pairs added
during the reaction

lllustration of bonds
added (green line
indicates new bonds)
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Figure 4.1: Example of the generation of a reaction vector for a rearrangement reaction

(Wallace, 2015
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4.3 Structure generation using RVs

4.3.1 Original method

The first approach to generating and applying RVise de novodesignwas developed by

Patel (Patel et al., 2009. While the generation of RVsis relatively simple, the

application of the vectors to generate new products is more complexn the method

developed by Patelthis is done in an atomby-atom and bondby-bond approach,

pursuing each possible solutiorin a breadth first search until all possibilities have been

exhausted First, the starting material is fragmented by removing bonds recorded in the

OAAAOGET T OAAOI O AOG AAEIT C O11 0066 j OEA 1TACAOEOA A
ITA A6 A OEI A &£O0IiI OEA 1TEOO I £ EOGAI O O AA OCAEI]
the fragments from the starting material. This is done in all possible ways, starting from

a seed atom (the highest numbered atom with an unsatisfied valence). All of the

positive AP2s within the vector are analysed, and any that contain an atom descriptor

matching that of the seed atorrare used to grow the fragmenin turn, with the positive

AP3 descriptors used to validate the extended fragment and verify that it is consistent

with the reaction vector. Shouldany of the extended fragments contain AP3s that ae

not present in the reaction vector,they are considered incorrect and eliminated.The

search then moves to consider each valid extended fragment in turn. For each extended

fragment, the highest numbered atomwith an unsatisfied atom valence becomes the

next seed atomand any remaining AP2s are used to grow the fragment as befofhe

process continues until the entire structure is assembled or no possible solution can be

found.
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C(32,1)-2(1)-C(3,1,0)
C(3,1,0)3-C(22,1)
C(3,1,0y3-C(22,1)

Correct product

(b)
C(3,1,0¥2(2)-C(2,1,0)
C(32,1)-3-C(2,1,0)
N(1,0,0)-3-C(2,1,0)
N(1,0,0)-3-C(32,1)

(c)

(e)

0(1,0,0)2(1)-C(2,1,0)
0(1,0,0)3-C(3,1,0)

@)

Incorrect product,
double bond too far
from ring

Figure 4.2: The structure generation procedureusing the reaction vector method (a)

The reaction in question (affected bonds$n orange). (b) The bonds to be removed from
the reactant to form thefragment (* indicates attachment point). (c) The negative AP2

and AP3 descriptorsj OEA OT ACAOEOAS
bonds to be added to the fragment to form the producie) The structure generation
procedure Z fragments are assembled bondby-bond. (Wallace, 2015
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An illustration of the structure generation process is given in Figure 4.2, whereby the
RV is applied to the starting material of the reaction from which it was generated and
the known product is generated.Initially, the bonds lost during the reaction are
removed from the starting material to leave a collection of fragmentsin this case the
chlorobenzene ring, and a nitrogen atom connected to an sp2 carbon atoifhe seed
atom in the starting material fragments is then identified as the lghest numbered atom
with an unsatisified valence(the unsubstituted atom in chlorobenzene in this case)
Each applicablepositive AP2 is attachedin turn, to build the structure bond-by-bond.
However, asin general there may be multiple ways in which a gven AP2 can be
attached, as well asnultiple AP2s, additional verification is achieved through use of the
positive AP3s In the first step, only one AP2 is applicableas only one fragment is
compatible with the attachment point on thechlorobenzene ring and there is only one
way in which it can be attached The bond is added to the ring to extend the
chlorobenzene fragment. It is not possible to attach the nitrogen atom ahis stage
since it is incompatible with the newunsatisfied valence which is an sp carbon.The
search now moves to consider this extended fragment and new seed atom is
identified. The remaining AP2s are examined; only one is applicable but this can be
added in two different orientations and so two extended fragments are generated
Camparing the AP3 datafor the possible result structures with the positive AP3s
results in the structure on the right hand branchbeing eliminated. Converselythe AP3
data for the fragment on the left hand branch is consistent with the positive AP3s
verifying the structure as correct In the next step, the AP2 representing carbonyl

oxygen is added and finally the two fragments are joined.

The method was testedby Patel et al.,with a variety of different reaction types
including epoxide reduction andformation, amide reduction and DielsAlder reactions.
The method was demonstrated to be effective for R P, R1 + R® P, RO P1 + P2 and
R1 + R20 P1 + P2 reactions, although these latter two categories are more prone to
failure. Overall, 85% of the RVdested reproduced the correct product given the
original starting material. This breadth-first method works well for simple cases, but
due to the exhaustive approach needed to ensure the correct product is buithore
complex reactions with higher numbers of atom pairs can lead to incredibly slow

structure generation times. Indeed, for many large molecules, even a maximum
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execution time of 60 seconds per RV is not sufficient on a 256 core HPC cluster to
recreate thedesired structure. As a consequence, resions were made to permit faster

application of the vectors.

4.3.2 Revised RV generation and storage (reverse fragmentation)

Hristozov et al. subsequentlyincreased the speedand success ratof RV application for
structure generation by storing additional information with the RV when it is first
generated. This information isin the form of an ordered list of pre-made molecule
fragments (A OOAAT | AEJ thad Edn ibe Bed OrE the structuregeneration
process Rather than constructing the new moleculeatom-by-atom as before these
fragments are used to apply multiple atoms at once in a predetermined order

removing the need for a breadtHfirst search(Hristozov et al., 201).

The recombination path data is generatedduring reaction vector calculation by
reconstructing the product molecule from the starting material. Initially A OOAOAOOA
fraCi AT OAQGET 1 8 AbBiB)O$ dsddE Thg BameC ©f&X4 to the fact thain

addition to fragmenting the starting material by the atom pairs lost during the reaction,

the product molecule isalsofragmented using the atom pairs that are gained during the
reaction. The aim of this step is toreduce both sidesof the reactionto the fragments

that remain unchangedby removing all changed bonds from the proces$resuming

that the information encoded in the RVis sufficiently unambiguous both sides will have
identical fragments, asthe structures and environment data for the fragments will be

the same. However,as the atom pairs do not encode the full environment of the
changed bonds, there may benultiple sites at which the fragmentation can occurin

these situations, multiple sets of fragments are generated, and must be compared
systematically.If a matchis found between the two setsof fragments, it is assumed that

the forward synthesis for the reaction can be g@erated via said fragments. The
necessary fragments forstructure generation are then obtainedby extracting the

i AOCAOO OAAOASE /AEOA Qdind onOMCEGoiithmar Assignidg thed A O h
remainder of the product molecule as reagent fragments. hould be noted that, in the
example in Figure 4.3, only one reagent fragment is present, but depending on the
disconnections multiple fragments are possible These fragments are represented

internally aslists of atom pairs, effectively representing the gbstructures as complete
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entities to be attached.These are then used to perform a full reconstructionin the
manner previously described in Section 4.3,lbut now using fragments (sets of atom
pairs), in order to determine an assembly orderThe RV and odered list of fragments
are then placed into an SQL database, designed to permit rapid recall of the vectors and

recombination data as necessary further speeding up the process
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Atom pairs used for fragmentation (positive and negative)
Negative pairs Positive pairs
A

AP3 AP2 Base
CI(1,0,0y2(1)-C(3,1,0) CI(1,0,013-C(2,0,0) O(1,1,02(2)-C(3,1,1) O(1,1,0¥3-C(2,0,1)
0(1,1,0¥2(2)-C(3,1,0) CI(1,0,013-0(1,1,0) C(3,1,1}2(1)-C(2,0,1) 0O(1,1,0¥3-C(3,2,2) fragment
C(3,1,012(1)-C(2,0,0) O(1,1,0y3-C(2,0,0) C(2,0,1}2(1)-C(2,0,1) C(3,1,1)3-C(2,0,1)
C(2,0,02(1)-C(2,0,0) C(3,1,0¥3-C(2,0,0) C(3,2,2)2(1)-C(2,0,1) C(3,1,1)3-C(2,2,1)
C(3,2,1)2(1)-C(2,0,0) C(3,2,1)3-C(2,0,0) C(3,2,2)2(1)-C(3,1,1) C(2,2,1)3-C(2,0,1) ~
C(3,2,1)2(4)-C(2,2,1) C(2,2,1)3-C(2,0,0) C(3,2,2)2(4)-C(2,2,1) C(3,2,2)3-C(2,0,1) B
C(3,2,1)2(4)-C(2,2,1) C(2,2,1)3-C(2,0,0) C(3,2,2)2(4)-C(2,2,1) C(3,2,2)3-C(2,0,1) *ieL?
C(2,2,1)2(4)-C(2,2,1) C(3,2,1)3-C(2,21) C(3,2,2)2(4)-C(3,2,2) C(3,2,2)3-C(3,1,1)
C(3,2,1)3-C(2,2,1) C(3,2,2)3-C(2,0,1) ; i
C221)3.02.2.1) C32.2)3.022.1) Starting material Product
C(2,2,1)3-C(2,2,1) C(3,2,2)3-C(2,2,1) fragments fragments
C(3,2,2)3-C(2,2,1)
C(3,2,2)3-C(2,2,1)

o 0 o &

Comparefragments, if a match can be
found between the fragments from
starting material and the product, the
vector is stored along with a
recombination path composed of the
fragment lists (based on the product,
excludingthe basefragment)

Break bonds on both sides of the
reaction according the atom pairs i
the vector (red).

Generate a reaction vector for the

reaction.

Fragments stored in recombination path

Remove the base fragment from the
product molecule. Reconstruct the
product from the resulting fragments
and the base fragment to obtain an

order for reconstruction.

1. Basefragment 2. Fragment

Figure 4.3: Flowchart showing the reverse fragmentation process. | OA OEAO Al 1 OEA A A beBdmE gart & &ifgiinghe AOA O1 1 O
product. On recombination, the ring fragmen{labelled 2 above)is stored as therecombination path (Wallace, 2015
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While the reverse fragmentation method is effective in the majority of cases, when this
process cannot produce a result, the original method by Patel (Secti@dB3.1) is used
instead, attempting to construct the product molecule via the breadtfirst search
processas previously described If this method is successful, then path to the solution

is stored asan ordered list of atom pairs This recombination path then enables an
ordered step-by-step reconstruction of the product that, while slower than the reverse
fragmentation approach is considerably faster than the breadtHfirst approach
described by Patel et allf this also fails to producethe correct structure, then the
reaction vector isnot stored in the database An analysis of the reverse fragmertion
approach carried out by Hristozov (Hristozov et al., 2013 demonstrated that this
approachhas a higher success ratthan the previous method,with 89.8% of the 5,695
reactions tested successfully reproducedcompared with 85% The analysis also claims
an average run time of 0.015 seconds per reactiofor the new method, with a
maximum execution time of 30 seconds;ompared to an equivalentmaximum run time

of up to 5minutes in the case ofthe original method, as reported in the original PhD
thesis (Patel, 2009. However, not all reaction types can be reproduced to the same
degree of success. For example, Fischer indole synthesis reactions werecsgsfully
reproduced in only 41% of the 230 cases testedor the new method However, no
equivalent analysis by reaction type was made for the original method to enable a

comparison.

4.3.2.1 RV-based structure generation

Once the reaction vector database has beeneated, it can be utilised to generate novel
structures by applying the vectors to different starting materials. The atom pairs of the
starting material are compared to the set of negative atom pairs belonging to a
particular reaction vector, and if allof the necessary features are present (or a suitable
subset is present that can be combined with an external reagent) then the vector can be
applied. The structure generation process is outlined in Figuré.4. Once an RV has been
selected, the negativeatom pairs are removed from the starting material, and the
fragments from the recombination pathare added according to the order previously
recorded. This will lead to anew structure being created.However, in order to ensure
that the molecules produced ae chemically sensible,each produced molecule is
checked before being reported as a resulthe molecule isloaded into the RDKit library
(Landrum) and subjected to a full molecule sanitisation processvhich includes

cleaning up nonstandard valence states, verifying the aromatic states for rings are

62



correct and valid, and calculating hybridisation statesAny structures that are not
considered chemically stableand sensible (such as those with atoms in higher than
allowed variance states, or incompatible aromatic systemsjre rejected at this stage.
The structure generationprocess can be repeated for all of the vectors in the database,
and all possible functional sites on the molecule, until every possible molecule is

generated.

63



Remove negative atom pairs from molecul

Check RV against starting material (where applicable, highlighted in red)

Add positive atom pair fragments to molec
wherever environments match (multiple
locations if necessary)

Figure 4.4: Simple example of the structure generation processising the RV from Figure 4 3Wallace, 2015
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4.3.3 Additional features

4.3.3.1 Handling multiple reactants

The reaction examples discussed so far have consistel molecular rearrangements
and other similar simple reactions. As indicatedoreviously the RV methodis also
capable of supporting reactions where two reagents are combined to produce one or
more products, as illustrated in Figure 4.5.

o)
N Br o

+ + HBr

\/

Figure 4.5: Example of a two component reactiomaken from J. Med. ChenfWallace,
2015)

In these casesthe reaction vector encodes the negative atom pair descriptors of both
starting materials. If the starting material used forthe structure generation stepdoes
not contain all of the negative atom pairs it is possible to search ina database of
reagents fa a molecule that contains the missing atom pairs in order to use the
reaction vector. The revised RV methodleveloped by Hristozov et alencodes reagent
information directly alongside the generated recombination path,so that an external
database is notrequired. However, to increasethe number of products alternative
reagents canalso be usedvia a database with any appropriate molecule replacing the
stored reagent The use of the external reagent generation method illustrated in
Figure 4.6. In this case, any reagent in the pool that contains the sanmaom pair
environments as the originalreagent is used to generate structures in the same way,

resulting in additional products being generated.
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If a reagent within

the pool contains Use external

the relevant atom reagent (circled) to

pair environments, generate structure
add it to the reaction

Select suitable RV
from database

Figure 4.6: Example of the use of the external reagent generatiota) The reaction from
which the RV is derived. (b)An alternative reagent (circled) that contains atom pairs
needed to apply the RV (c) Flowchart describing the external reagent process.
(Wallace, 2015

4.3.3.2 Reaction balancing

As the RV is based on the differences between the two sides of the reaction, any
mismatches in the number and type of atombetween the sidesmay result in problems
when applying the RV As part of the original Patel method for generating RVsa
reaction cleaning tool was designedo reduce these problems This tool seeks to
correct imbalances in reactions between thearbon atom counts on the reactant and
product sides The first step is to determine the number of reactants and products in
the reaction. In situations where more than one product is listedthe reaction is split

further into separate, one product reactions (so R1 + R2 P1 + P2 is split into two

reactions, R1 + R® P1and R1+ R®2 P2), as illustrated in Figure 4.7.
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Original Reaction

OH
H
Hac\)\/CHz > HzCWCHa + SC\/\(CHS
CH
CH, CH; 3

Cleaned Reaction 1 Cleaned Reaction 2

OH

OH
HsC. CH.
HKC\)\(CHJ HSC\/H/CHa H’C\)\/CHS ’ \/Y 3
—_—
CHs
Chy CH, CHs

Figure 4.7: Example of a dehydration reaction that is cleaned by separating into two

distinct reactions. Only carbon containing molecules are show(Wallace, 2015

The carbon atoms in these reactions are then counted again, to see i tieaction has
now become balanced. Should there still be a mismatch, atom mapping information
from the reaction is used to idetify any missing fragments. In this process any atoms
on the reactant side that do not have mapped counterparts in the product sidare
combined into a new, stable product molecule. This process is repeated for the product
side, creating new reactants oubf unmapped product atoms. Ifthere are still atom
imbalances at this point, additional copies of each reactant and product are added to
balance the stoichiometry, with the carbon count repeated at each addition. If none of
these approaches work, reactios with more than one reactantare analysed with each
reactant removed in turn to identify any reagents that are not involved. A flow chart
illustrating the whole process is shown in Figure 4. It should be noted, however, that
this tool is not essential br use with the revised fragment based approach, as this does

not require a perfect atom balancdo operate.
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Unbalanced reaction

Separate into Yes
individual reactions
and check balance

Does the reaction have
more than one product?

Still ) Reaction
IEIEGIE=]  Identify lost fragments (Unmapped Y e e e!

reactant fragments) and add to
products

Reaction
balanced

Report balanced
reaction

N
V

Report balanced
reaction

N

Identify gained fragments Reaction balanced
(unmapped product fragments)

and add to reactants

Adjust stoichiometry by adding  Lasleilelii 1=l T
molecule copies

Does the reaction have Y

more than one reactant? Discard reaction as uncle:

Reaction balanced

Remove reagents in turn

Still unbalanced

Discard reaction as unclear

Figure 4.8: Summary of the reaction cleaning algorithmAt each step, the carbon count
is rechecked, with the algorithm stopped if the reaction idalanced (green route). If

not, the algorithm continues (red route)

4.4 Conclusions

In this chapter, the reaction vector approach developetly Patel et al. and then refined
by Hristozov has been summarised including how the reaction vector is calculated and
applied to generate product moleculesUsing atom pairs asthe descriptor retains
sufficient data from a reaction to ensure thatit will not be applied inappropriately,
while also permitting novel moleculesto be made.While RVs have been shown to be
useful for de novodesign (Gillet et al., 2012 Gillet et al., 2014, they have limitations
when considering multi-step reactions since intermediates may not score well thus
preventing potentially useful molecules from being foundFurthermore, the application
of RVs can lead to very long execution time$She next chapter describes amapproach to
generating reaction sequencesand reaction sequence vectorswith a view to

overcoming these limitations.
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Chapter 5:

Reaction networking

51 Introduction

One of the main problems inde novodesign is that the exploration of all possible
structures within a given solution space is impossible, due to the combinatorial
explosion. Rather than pursue everypossible compound, it is necesary to find some
way of scoring and evaluating the population of candidates at each generation,
focussing on the routes most likely to give usable products. However, in a reaction
sequence, such scoring methods become problemati¢n these circumstances, he
inter mediates in the sequence may be given significantly worse scores than the starting
material, for example,due to the structural contribution of protecting groups or similar

features. As a consequence, potentiallyseful routescan berejected.

As finding a scoring method that can account for the disparity between intermediate
and final structures is a very complex problem, an alternative approach can be
considered for use during the de novo process itself, which is to skip past the
intermediates and execue entire sequences within one execution step. This chapter
explores preliminary work aimed at developing networks of reactions with a view to

using this approach to perform these multistep processes.

Section5.2 describes the methods used in datase preparation to transcribe and store
reaction sequences. In Sectio®.3, the KNIME nodes and workflows developed for
testing and cleaning the input data are discussed and demonstrate8ection5.4 shows
how this data can be expressed ithe form of anetwork, linking molecules via known
reactions. This concept is extended in Sectioh.5, where an external knowledge base
consisting of single step reactions is processed and sequence dasagenerated by

linking reactions according to common reaction components.
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5.2 Collation of a set of reaction sequences

While many reaction databases exist that can be mined for reaction information (Table
2.2, Section 2.3.2), the majority of these store the reactions as individual entities, with
only limited sequence data available such as the synthesis information in theeaxys
AutoPlan synthesis planner(Elsevier). In order to develop ade novomethod based on
sequences it is therefore necessary to develop a method for creating reaction
sequences. To test if this would be feasible, a preliminary experiment was conducted
whereby a small set of sequencewas collected manually This set was then split into

its component reactionsand methods were developedo reconstruct the sequence data
algorithmically. Should this process succeed, this implies that it will be possible to
create sequence information for any collection of reaction datahis sectiondescribes
the preparation of this test set, and the ways in which the set was used for tool

development and evaluation.

5.2.1 Literature abstraction

Following the procedure outlined by Roughley and Jordan (2011), the Sdrinder
database (Chemial Abstract Services, 2011 of journal articles was searched for
structure activity relationship (SAR) papers that contairsuitable reaction schemesThe
search was restricted to those papers published in 2008 in three significant medicinal
chemistry journals (Bioorganic and Medicinal Chemistry, Bioorganic and Medicinal
Chemistry Letters and the Journal of Medicinal Chemistry) with further restriction @
three drug companies (AstraZeneca, GlaxoSmithKline and Pfizer). The resulting papers
were analysed by hand for reaction schemes (here defined as any collection of
reactions that leads to a defined product), with each step redrawn and saved as
BIOVIA .RXN file. In order to ensure both sides of the reactions were balanced in terms
of atom counts (see Sectioh.3.1), the reagent information listed in the quoted method
was used, excepting in cases where the only information was from a reference to a
previously published paper, in which case data from that method was taken. If the
reaction could not be balanced using this information, or the reaction sequence proved
too complex to transcribe (more than eight molecules on one side), the scheme was
rejected and not added to the database. In total, 102 reaction schemes were collated;
examples are shown in Tables.1 in the form of the individual reaction steps that
combine to form the sequencesThe reaction ID field in this table is made up of the
paper number, the number associated with the product in the paper and finally the

reaction number. For example, 19 2701 represents the ©9Qaper to bereviewed and
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the first reaction in the sequence to make produc27 from that paper. In these
particular examples, many of the sequences share the same first reaction, only differing

at the second. For producB0, however, the sequence is entirely different.
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Table 5.1: Example reactionsfrom the reaction database.All examples taken from
Basarab, G. S., Hill, P. J., Rastagar, A. & Webborn, P. J. H., 2008. Design of Helicobacter

Pylori Glutamate Racemase Inhibitors as Selective Antibacterial Agents: A Novel Pro
drug Approach to Increase ExposureBioorganic & Medicinal Chemistry Lettersls,
4716-4722, where they were represented in the Kekulé form(Wallace, 2015
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Due to the analytical focus of the papers, many of the reaction schemes used contain
information about the preparation of series of analogas compounds, usually made by
following the same or similar reaction sequence with appropriately different reactants.

One such scheme is shown in Figui1, and illustrated in Table5.2.

(0]

o o
R3
HaC
H.C N, H,C
pe IO =5
o N
N R2
O)\N o —NH, + mﬁ —» © N Ny + kﬁ O)\N =,/ )
H ) 3

H

Figure 5.1: Generic representation ofthe reaction schemeassociated with paperOp w &
from Table 5.1, represented in the Kekulé forn(Basarab et al., 2008Nallace, 2015
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In these cases, all of the individual sequences vweeenumeratedleading to 424 reaction
sequences being collatedn total, representing 1544 individual reaction steps. This
includes a number of duplicates, either due to the implementation of the sequence
branching, or coincidental duplicates (where the sae reaction or an equivalent form is
present in more than one unrelated sequencalue to being used in schemes in different
papers). After removing duplicate reactions, there are 974 unigue reaction steps, which

were used to make the tesset.
5.2.2 File format creation and data set processing

The sequences were represented as@8 3 # - ®ith CMEEvhlidated connection tables

for the reactions in the sequence, and eeference to the paper ér each step of the
sequence wasncluded. This XML fom was used for both storage and processing of the
initial database, due to its efficient storage capabilities, and the ability to use
#EAT 1 @1 180 - AOHmEAxonitoreadahdriaAiglate the dataTo produce

the .SCMX file, each individual RXN file representing a reaction step was processed via a
Javaprogram to generate individual CML strings. These strings are converted via a
second program to build one single fileOnce encoded, the individuateaction steps can

be processed within KNIME(Berthold et al., 200§ using the XPath query engine. A

breakdown of the sequences by size is presented in Figube2.

Frequency Plot of Reaction Sequence Size
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Number of Steps in sequence

Figure 5.2: Frequency plot of reaction sequence size for thest set.

This limited data st seems to contradict the assumptions made by Carey et &006),

namely that the average synthetic scheme used in drug preparation contai8.1 steps,
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with heavy reliance on protectinggroup chemistry. However, this average appears to
include all the steps involved in preparing the starting material This would lengthen
the sequences relative to the ones shown herhat begin with the starting materials
already prepared Inthe above examplethe large number of twestep sequences in this
set skews the average towards three and four steps, although from a set this small it is

difficult to draw meaningful conclusionsas to trends

The bulk of the daa processing within this project was carried out using the KNIME
data mining system and a workflow was produced to process the .SCMX files into two
SQL data tablesAs before, XPatljueries were used to readhe sequence identifier, the
reference and the reaction information.For reaction handling, the CML datavas
imported, canonicalisedand converted to Reaction SMILES via the ChemAxon Marvin
library incorporated within KNIME, as the alphanumeric nature 6 the format makes
the data easier to process within Java using standard text processing metho8amples

of the output from these processes are shown in Table 5.3 and Table 5.4
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Scheme _
D Number of Steps Step ID Reaction ID Reference
19 27 2 0 ID
19 27 2 19 2701
19 27 2 2 19 2702

Table5.3: Sample table of a reaction sequen@s seen in Table 3.

Schemd Reaction

Reaction SMILES String
ID ID

19 27 | 19_2701 |CN1C(=0)C=C(NN)N(CC2CC2)C1=0.CIC1=CC2=C(C=C1)N=CC=C2C=

CN1C(=0)C=C(NN=C/C2=C3C=C(Cl)C=CC3=NC=C2)N(CC2CC2)C1=0.
19 27 | 19_2702 [CN1C(=0)C=C(\N=C/C2=C3C=C(Cl)C=CC3=NC=C2)N(CC2CC2)C1=0.
(=0)(=0)C1=CC=C(01)C=0>>

CN1C(=0)N(CC2CC2)C2=NN(CC3=C4C=C(Cl)C=CC4=NC=C3)C(C3=C
(03)S(C)(=0)=0)=C2C1=0.0

Table 5.4: Table of reaction data for processing from Tabl6.3.(Reaction SMILES split
at product portion for increasedlegibility) (Basarab et al., 2008Vallace, 2015

53 Curation of the reaction data

In any collection of data, whether gathered through automated processing or manual
transcription, the likelihood of duplicate entries and other minor errorsbeing present

in a set is high. Having duplicates or imbalances in the reaction set can cause significant
problems when trying to establish connections between reactions or when generating
structures. In this section, the creation and usage of tools made detect and eliminate

duplicates and errors is discussed.

5.3.1 Reaction atom balancing

By using the Reaction SMILES format to store the data within KNIME, the individual
generates a new molecule object from the original atom data, ensuring all charges and
valences are correct, with explicit hydrogens removed where specified This ensures
that all mesomeric structures (such as nitro groups) are representedn a standard
manner, and all aromatic structures are handled consistently with Kekulé rings

converted to the aromatic form However, there is no guarantee that the reaction data
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input is necessarily valid or balanced in terms of atomgf any reagentsor side products

are omitted, problems can result with structur e generation due to atomsrequired to
construct the product moleculebeing missing Consequently, identifying these issues at
an early stage is essential, and so an atom balance checker was written. This counts
each atom present in the molecules on the reactant side of the reaction and lists them
by type, before doing the same for therpduct side. The counts for both sides arghen
compared to check for equality. Any mismatch between reactant and product is logged,
listing the reaction in question and the nature of the imbalance (both the element

symbol and the atom counts) to allow foeasier correction by hand (see Figur&.3).

o

o
o HC
HiC_ AN N
- ) d .
JQ A
o N N
H cl
N [ }
N

Atom counts for individual components and sides

Reactant 1 Reactant 2 Product
H14 C9 N4 O2 H6 C10 N1 O1 Cl1 H18 C19 N5 02 Cl1
H20 C19 N5 O3 CI1 H18 C19 N5 02 Cl1

Figure 5.3: Example of the atom count process for an unbalanced reactitnom scheme
O p. (Bésarab et al., 2008V allace, 2015

In the example above the imbalancwas fixed by adding HO to thegenerated products.
After running the tool, a number of unbalanced reactions were discovered throughout
the data set, usually involving the need to add the small molecules that were omitted in
the original papers to the product side of the reaction, or ta need to add equivalents of

particular molecules to parts of the reaction to ensuretoichiometry.
5.3.2 Detection of duplicate reactions

Duplicate reactions were removed by processing with a set of KNIME node$he
individual components of a reaction were sored in alphabetical order of their SMILES
strings to prevent issues where B + & C would not be detected as a duplicate of A + B
O C.Each individual reaction was then compared to the remainder of the database and
any duplicates were removed, amending thescheme data to point to the first matching

reaction in the set
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5.4 Reaction network generation

This section descrites how the individual reaction steps are connected to form a

reaction network of the form shown in Figure 54.

This approach is similar tothe reaction graph creation methoddescribed in Section
2.3.1,with molecules on the nodes, and linking reactions on the edgeBy forming a
directed network, where the seng of each edges to move from the reactant of the
reaction to the product, apath through the network is then representative of a reaction

sequance.

RXN 1 RXN 2

Figure 54: An illustration of the reaction network approach. Nodes (circles)

representing molecules are linked by reactions (edges, arrowed).

The reaction network is generated using a KNIME workflowas seen in Figureb.5. This
contains three bespoke KNIME nodeshighlighted in green. The first KNIME node
processescleaned reactions in turn, outputting the reactant and product molecule
strings in separate cdumns of a temporary storage tableA second KNIME node sorts
the table by the individual molecules, assigning a unique hash valuegach,and listing
which reactions the molecule participates in, either as a reactant or a produéiinally, a
comparator KNIME node takes the sorted datand produces a network compatible
with KNIME. As previously discussedn Section 5.3.1 all reactions used in the network
are pre-processedso that all structures are representedin a consistent manner. This
greatly facilitates the network processby ensuring all representations of a given
molecule are identical, and so errors are reduced. To form the networkhe first
reaction is inserted as two connected nodes. Next, the second reamti is taken and
compared to all molecules present in the network. If neither the reactant nor the
product is presentin the network, the reaction is added as a new set of two nodewith
the reactant and product connected via a singléirected edge reactant to product.
However, if one of the molecules matches new connection is made, depending on
which molecule matches, with a new edge representing the reaction and new
molecule(s) being added as nodes respectivelyThis process is demonstrated for a

three reaction system in Figure %, with an image shown in Figure 5.
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Reaction sequence selection Molecule sorting and reaction generation
TableRow To
Variable Loop Start
Databace Reader String Manipulition Database Reader
G w8
=9 EES == EEs)
Obtain st of sequences  Assemble query Get relevant reactions from sequence

Network output
Network Creator Table Writer

Remove duplicates

Figure 5.5: KNIME workflow showing the generation of the reaction network.
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Figure 5.6: Example of network construction for three reactios from the database
Only one reactant and one product are considered for each reactidcircled, top) to be

collated into the network based on their relative roles (bottan). (Wallace, 2015

Figure 5.7: Images of the original small database expressed in terms of a molecule

transformation network.
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In Figure 5.6,0ne reactant and one productfrom each reaction is used tdouild the
sample network. In the first version of network building each component in a reaction
was considered independently, however, this led to many otherwise unrelated
reactions being connecteddue to common small molecules such as water and
methanol. This effect explains the dense region to the right of Figure 5.7 these
connections are allowed to remain in the network, the sequences that are produced will
be overly long, and make little sese from a synthetic perspective, as the main products
and starting materials will have little connection to one another. It was therefore
necessary to introduce some rules to define which components should be considered
when forming the network. These rules are applied to the individual reactionsFirstly,
any molecule with fewer than three heavy atoms was removed from the reaction,
before selecting the molecule with the largest atom count on the reactant and product
sides. If either of these molecules ha@ weight above 500g mot, the next largest
molecule on that side was selected in its place where available, to avoid incorrect
connections due to heavy reagents or catalystsAn example is shown in Figure B,
where one reagent and hydrogen bromide araemoved from the network, while

retaining the intent of the reaction.
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Figure 5.8: Result of filtration step for a sample reaction from the database.

Top: Original reaction. Bottom: Filtered result.(Jones et al., 2008(Wallace, 2015

This selection process rsults in each reaction beingeduced to one reactant and one
product. This is important, as it means that the process of generating the reaction
network is inherently lossy in nature. In order to retain a source of the full reaction
data for later useand recall, the full reaction string is also stored within the relevant

parts of the network as a feature, in the manner reported iBection 5.4.1This balanced



reaction can be used to generate RVas mentioned in Chapter 4 where needed for

structure generation. An image of tte filtered network is shownin Figure 59.
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Figure 5.9: Images of thereaction network generated from the test set, with small

molecules removed (Expansion of network portiorhighlighted).

In general, thereaction network will consist of a number of disconnected graphs, each
of which represents a reaction sequence with the branching indicating sequences that
have some steps in common but which diverge in later stepSach nodein the network
represents a molecule, with he connected paths leading from it represeling synthetic
routes to potential product molecules.In addition to the simple linear paths that
represent reproductions of the original sequences, there are also a numer of
ET OAOAT 11 AB OAR x Awpkidhh & thdlfigure. Theserepresent collections

of reaction sequences with one commomolecule at the centre, with the spokes
indicating a series of analogues that could be made, based on the use of different
reactions. The network also contains some new sequences found as a result of new
connections linking the original sequencesExamples of sequences that show single and

multiple routes to a product are shown in Figures.10.
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Figure 5.10: Demonstration of the molecule transformation network.
Top: Single route reported based on sequence 102. Bottom: multiple routes to one
product. (Li et al., 2008 Wallace, 2015

As Figure5.10 shows, any path through thenetwork represents a reaction sequence,
and therefore, by iterating through all the available paths, the reaction sequence data
can be regeneratedWhere multiple reactions lead to the same end points, cycles can
form that have to be considered when procesng the network. However, in these
circumstances,the only cycles of note are@versible reactions and rearrangements that
occur over multiple reaction steps No further action is needed in these respects, as the
directionality of the network edges is suficient to prevent recursion occurring. In order

to collect reaction sequence information from a reaction network inan efficient
manner, the networkis first split into its subgraphs, so that each discrete pdion of the
network is analysed separately. A subgraph is then loaded into a KNIME node which
interrogates all the possible paths between nodes using variant of the Dijkstra
algorithm (Dijkstra, 1959), with OET OA DAOEO AAOxAAT OOAOI ET Al 8
these purposes, a terminal node is one that represents a natural start or end in the
network, i.e., it hasonly outbound edges (start) or inbound edges (end)n the case of

the cycle shown in Figure 5.0, MI0053 is the only node that is considered as a start
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point, and MIO055 is the sole end point, with both routes between the two recorded.
After aggregating all of thepaths and assigning a sequence ID to each, a data table is
output to an SQL databasas previously described using the workflow in Figure 5.11.
This form is then used as the new reaction sequence database, with the network

retained only for visualisation purposes.

Network Sequence Generator
SubGraph Extractor |Chunk Loop Start Row To Network (Molecule Focussed) Loop End | Metadata processing

Sl s AT}

Figure 5.11: KNIME workflow showing the network sequence generatofGeneration

portion highlighted).

Once all the subgraphs have been processed, it is possible to generate a breakdown of
the sequences by sizencluding any new sequences that have been discoveredo

compare with the original distribution, as shown in Figures.12.

Frequency Plot of Reaction Sequence Size
(One reactant and product per reaction)
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>
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1 2 3 4 5 6 7 8 9 10
Number of Steps in sequence

Figure 5.12: Frequency plot of reaction sequence size for the networkyhen only one

reactant and one product are used. Thigmcludesany newly created sequences.

When the reactions are preprocessed to consist obnly one reactant and one product
prior to generating the network, some ofthe side connections that were part of the
original network form, but do not represent the true intent of the reactionare no
longer present, hence the difference between Figure 5.12 anigure 5.2. An analysis of
the extracted sequencesvas performed, comparing each extracted sequence with the
list of those originally recorded.The evaluation confirmed that all the known reaction

sequences within the database are successfully reproduced in this formwjth some
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existing within longer network paths. Additionally, a humber of new sequences were
obtained from the network, as listed h Table 5.5. A example of an interconnection

between sequences is shown in Figurg.13.

Number of Number of additional
steps sequences
1 0
2 10
3 5
4 0
5 3
6 8
7 6
8 0
9 0
10 1

Table5.5: New sequences found fronthe test set i

N N

0@

N 0@ B
|© A@ f\j //N,cm
. 67_01 .MIBO 67_02 . 67_03
67_04

. 63_1603 . 638_ 1502. 638_ 1501.

OR0 O
A O AO AAQ AN/Q(N)

Figure 5.13: Chart showing an example of a new connection within the
network .(Cheung et al., 2008Stevens et al., 2008Vallace, 2015

In Figure 513, the compound identified as MI502 is the end product of sequen&¥, as
well as the starting material for sequence68. Through connections like these, new

routes can be uncoveredn sufficiently large data ses.
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5.4.1 Sequencedatabase property addition

When sequences are extracted from the network and entered into the sequence
database, additional information is also stored inelding the original references from
which the sequence is derived An example of the output as viewed through the

Cytoscape network visualisation tool is shown in Figuré.14.

fullrxn label reference
CC{=0NC{=C)c1ccc(F)en1==CC(MNC(C)=0)c1ccc(Ficnt | 92_04.men | Wang, T., et al., Journal of Medicinal Chemistry 51 (2008) 4672 - 4684

Mode Attribute Browser | Edge Attribute Browser | Metwork Attribute Browser

Figure 5.14: Example output from selection of a edgein the reaction network. (Wang
et al., 2009

By embedding the molecule data as SMILES strings within the attributeis,becomes
possible to visualise the molecules within CytoscapeUsing the ChemViz softare
(UCSF, on selection of a network feature,this data can be passed through the
Chemistry Development Kit(Steinbeck et al., 2008 and displayed within the network
window, as seen in Figuré.15.

D Attribute Molecular String Molecular 2D Stiucture
Wi
MI940 label CNS(=0){=0)c1cc(C=0)n(C)cl 202 v
|_—o
~r\

Figure 5.15: Example output from ChemViz on a givemode of the reaction
network.(Schnute et al., 2008Wallace, 2015

55 Using extern al databases and knowledge bases

5.5.1 Data processing and input

After confirming that the network tools can reliably reproduce the sequences in the
manually created test setthe same processvas used to generatelarger networks, and
subsequently lists of reaction sequence for other databases.This was achieved via
utilising a knowledge-base of reactions previously collated by members of the CADD
research group at Lilly UK(Hristozov et al., 201). The database consists 0f4489
reactions abstracted from a number of papers from the Journal of Medicinal Chemistry
(Patel et al., 2008, packaged as 8IOVIARDFile. By using the RDFile parser built for
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the KNIME system by the Lilly UK grougms part of the Erl Wood Chemoinformatics

tools, these reactions were converted into the existing database format After

importing, it was necessary to expand some of the wildcards found in the dat&here

are two different wildcards, onethat represents CAT AOEA EAI T CATandAOT 1 O AO
I TA OAPOAOGAT OET ¢ .Abribmgtbilid With thedrbakctionitddls, the 6

any atom wildcard was replaced with a carbon atom, and th¥ symbol was replaced

with F, ClI, Br and || in turn. Once these wildcards were fully enumerate@ total of

25,610 reactionswere made availablefor use.

5.5.2 Analysis of enlarged reaction network

After using the tools from Sectiorb.3 to clean the reactiordata, areaction network was

created as before(Section5.4.1) with the rules described above applied to limit each
reaction to one reactant and oneproduct. When the network is run through the

sequence generator45,308 individual sequencesof two or more steps in lengthare

detected, with an averagesequencelength of 1.57 stepsif single step reactions are
included (shown in Figure 5.16, with the full data recorded in Table5.6). If single step
reactions are excluded, the averagesequencelength for the remainder is 6.72 steps.
The sequencesxtracted from this network were collated into a dataset referred to in

OEA OAOO T &£ OEEO xiI OE AO O*-#pd8

Frequency Plot of Reaction Sequence Sizefor J
Med Chem Reactions
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Figure 5.16: Frequency plot of reaction sequence siZer the population
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Number of steps Number of
sequences
1 25610
2 3932
3 3083
4 3937
5 5008
6 5939
7 5922
8 5352
9 4015
10 3162
11 2415
12 1539
13 573
14 170
15 87
16 165
17 12

Table5.6: Table of the full sequence summary.

Another approach togenerating sequences is to include all of the partial paths within
the network (i.e. sequences in the middle of existing pathsas opposed to just using the
longest paths An illustration of this approach for acollection of three moleculesis
shown in Figure 517. Using this method, the distribution of sequences is more even,
with an average sequence lengtbf 5.32 steps per sequence (shown in Figurb.18, with
the full data recorded in Table5.7), and 6.41 steps whersingle step reactions are

removed.

Sequence Length Molecules involved in sequence
1 MOL 16 MOL 2
MOL 20 MOL 3
2 MOL 1°© MOL 2© MOL 3

Figure 5.17: lllustration of the additional sequences found within an existing path.

In the original case, only the final sequence would be reported.
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Frequency Plot of Reaction Sequence Sizefor J

Med Chem Reactions
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Number of steps in sequence

Figure 5.18: Frequency plot of reaction sequence size for the full population

Number of steps Number of
sequences
1 25610
2 8000
3 8632
4 10452
5 12137
6 13519
7 13176
8 10771
9 7458
10 5758
11 4563
12 2569
13 1014
14 318
15 187
16 187
17 12

Table5.7: Table of the sequence summary for the full population.

4EEO AT T1AAOGETT T &£ OANOAT A /gpoteptiElf oke/uge@A O OA EAOOA/

in that it contains a larger number of sequences, with a more even profile.
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5.5.3 Database analysis by atom pair content

For de novodesign use, it is desirable for a given reaction collection to represent as
diverse a range of transfomations. One method of analysing a collection for diversity
is to study the reaction centres for each reaction stored. Sindbe RV contains a
representation of the reaction centrefor a given reaction, it is possible to generate RVs
for the entire collection and group reactions on the basis ofidentical negative atom

pairs.

The negativeatom pairs are relevantfor this analysis since they representtie reaction
features that must be present in a molecule in order for the RV to be applieAn
analysis of theJ. Med. Chem. reactions used to make the JMC1 and JMC2 databases
performed in this manner, grouping the RVs according tonegative @om pairs via
KNIME (Berthold et al., 200§. A frequency distribution for the groups was produced
and is shown in Figure 5.19, with an expansion of the earlyportion shown in Figure
5.20.

Frequency distribution based on
negative atom pairs in RVs

o
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Frequency
w » O
o O
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ROREPINSPN SN RPINMN (\QRV PN
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Figure 5.19: Frequency distribution curve based on the negative atom pairs in the JWC

reaction data set
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Frequency distribution based on
100 - negative atom pairs in RVs
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Figure 5.20: Expansion of the first 200 entries in Figuré.19.

It is clear from the steep drop off and long tail in the distributionthat there is a
significant bias towards particular reaction types with some having particularly high
levels of representation This property is well known, as discussedy Garagnani and
Bart (1977). Thedistribution appeasto &£l 1 1 T x :(AdBvE) ZD11)] where the
frequency of a given entry is inversely proportional to its rank in the frequency tabldf
this is the case a plot of thefrequency value and relative rank of each enyron a loglog

graph will be linear. Such a plot for this distributian is shown in Figure 5.2.

Log-log plot of frequency distribution based
on negative atom pairs in RVs

=
ul

=Y

log (frequency)

o
o
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0 1 2 o (rank) 3 4 5

Figure 5.21: Log-log plot of the frequency distribution of negative atom pairs inthe

JMClIreaction data set
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It can be seen that there are deviations from true linearity suggesting that the
distribution is not perfectly Zipfian. However, the inverse relation between rank and
frequency is clear. In terms of the chemistry represented, he five sets of groups of

negative atom pairs thatare most frequentare shown in Table 5.8
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Negativeatom pairs | Number of .
. .o . Reaction centrg
(duplicates indicate reactions Sample reactanfs)| Sample product
) - structure
multiple entries) represented

TS~

C(3,1,0)2(1)-C(1,0,0) \&

0(1,1,0§2(2)-C(2,1,0) o
C(3,2,1)3-C(1,0,0) 85
0(1,1,0¥3-C(1,0,0) N
0(1,1,0¥3-C(3,2,1) \:\[/\

C(2,0,0)2(1)-C(1,0,0)

0(2,0,0$2(1)-C(2,0,0) “

0(2,0,0¥2(1)-C(3,1,0) Y
C(3,1,0)3-C(2,0,0) 70

0(2,0,0)3-C(1,0,0) o o

0(2,0,013-C(3,2,1) t, Y;C;@
0(2,0,03-0(1.1,0) o | [

Cl(1,0,0y2(1)-C(2,0,0)
N(2,0,1)-2(1)-C(2,0,1)

g
N(2,0,1)2(1)-C(2,0,1) o N
CI(1.0,013-C(2,0,0) 60 [j [j
N(2,0,1)-3-C(2,0,1) i H
H

N(2,0,1)-3-C(2,0,1)

N(3,1,0)-2(1)-C(3,21)
O(1,0,0)2(1)-N(3,1,0) i Mo
0(1,1,012(2)-N(3,1,0) 0% X°
N(3,1,0)-3-C(2,2,1) 5o N

N(3,1,0§3-C(2,2,1) y "
0(1,0,013-C(3,2,1) )A\ ”Q Ny Q 2
0(1,1,0)3-C(3,2,1) i -
0(1,1,0¥3-0(1,0,0)

2\ HN)\NH ) HN)\TH
N(2,0,0)-2(1)-N(1,0,0) T ) RN
0(1,1,012(2)-C(2,1,0) 51 N, 2 @j
N(1,0,0)-3-C(3,1,0) .

0(1,1,0¥3-C(3,2,1) Oﬁ\ @ an

Table5.8: Representation of the five largest groups of partial RV$he red lines indicate

bonds broken in the reaction centre structure(Wallace, 2015
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Unsurprisingly, given the fact that the reactions were collateffom SAR explorationsin
the literature , the majority of the most common reaction centres in the sehave some
form of carbonyl contentor aromatic character. As it is these features that are used as
the selection criteria for deciding whether an RV applicable, starting materials with

these features will be more likely to give good results.

This method ofgrouping compares RVs on the negative AP2 and AP3 data, making the
groups particularly sensitive to minor changes in environment. This will affect the
nature of the grouping, as very similar reaction centreghat differ in their immediate
environment will be treated as separate entities, rather than beingonsideredtogether.
Making the comparison using just the AP2 contergives a distribution with the same
skew, but with fewer groups overall (10,344 versus 13,669). A frequency distribution
for the MCL1 reactions using the AP2 content is shown in Figuré.22, with an
expansion in Figure5.23 and a loglog plot in Figure 5.2. As before, the distribution is

not perfectly Zipfian, but shows a definite inverse relation between rank and frequency.

Frequency distribution based on negative

atom pairs in RVs
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Figure 5.22: Frequency distribution curve based on the negative AP2 content in the
JMAQ data set
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Frequency distribution based on negative

atom pairs in RVs
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Figure 5.23: Expansion of the first 200 entries in Figuré.22.

Log-log plot of frequency distribution based

on negative atom pairs in RVs
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Figure 5.24: Log-log plot of the frequency distribution of negative AP2 content in JMC1

Analysing the most popular reaction centres (Tabl&.9) makes it clear thatignoring the
AP3 content has reduced the number of unique groups of atom pairsThe most
frequent atom pair groupings show a tendency towardsnitro , amine and ether groups,
as seen in Tablé.9. Thesefunctionalities are very common in SAR chemistry, as part of

lead optimisation processes, and as a result tend to be heavily represented.
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Nega.tiveato.m pairs Numper of Reaction centrd Sample reactanfs)| Sample product
(duplicates indicate reactions
. . structure
multiple entries) represented
(OR (0]
N(3.1,012(1)-C(3,2,1) AKX
0(1,0,0)2(1)-N(3,1,0) 144 )\ NS B )
0(1,1,0)2(2)-N(3,1,0) N @ O
Hscj ) HO. o
H,C
C(2,0,012(1)-C(1,0,0) >j— d "
0(2,0,0)2(1)-C(2,0,0) 132 o o o
0(2,0,012(1)-C(3,1,0) X‘l% QL @ ~
O(lvlvo)'z(z)-c(z!lvo) ‘\v,’ - | °
\go
(@] NH.
: NH, >—/ HiC
Q< H.C—O nﬁ)(m
Or w
N(1,0,0)-2(1)-C(2,0,0) 97 "
0(1,0,0)2(1)-C(3,1,0) 7)( NNIVARN
O% ON Ot H,c—o>_/
OH o
cl CH, CH,
x| ¢ |
77 [ j cl [ j
CI(1,0,0)2(1)-C(3,2,1 N |
N(2,0,1)-2(1)-C(2,0,1) 90 ’ 36<N 6\
N(2.0,1)-2(1)-C(2.0,1) Q @/KN/ - )
N N
N o
N 0—N" CHa \\N'/@/N
H N .
Table 59: Representation of the five largest groups of partial AP2 RVs.

The red lines indicatebonds broken in the reaction centre structure(Wallace, 2015
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In both frequency distributions, it is clear that here are a considerable number of
reaction types that are underrepresented A significant proportion of theseoccur ina

single reactionin the databaseonly, asshown by the long tail in Figure 224. Some
examples ofsuch reaction centresare illustrated in Figure 5.25. The low occurrence of
these functional groups in the database suggests that they may be of limited use der
novo design, assuming thathe underlying database is typical of the reactions carried

out in medicinal chemistry.

o o
N N N N o
O — QO .
N—N OH N-—N OH
N N
N N szw/f\ H,N
QO QO
(o]
O0—=s—=O0 /NH N\N N/LS// N\N /L

| HO | /s ) ‘
fo) CH;y CH, NH,

Figure 5.25: Examples of reaction centres for which only singlpartial RVs exist in the
JMC database(Wallace, 2015

5.5.3.1 US PatentReaction set

While the JIMC1 andJMQ@ databases are directly derived from medicinal chemistry
research data both of the frequency distributions refain a long tail of reactions that are
not widely applicable. As a result, it is worth analysing other collections of reactions in
order to see if this effect is commonOne readily available source of reactions is the
collection published by NextMove Softare (Lowe and Sayle, 2011 This consists of
over a million reactions from the US Patent database which are considerably more
complex than the J. Med. Chem. reactions, with multiple reactants and products
encoded, alongside catalysts and other agent molecules. Some of these reactions are
incomplete or otherwise invalid, causing problems with loading and processing. To
produce manageable databases comparable with the previous experiments, a random
number geneator was used to select two sets of 22,500 reactions from the po&hile
these sets aresimilar in size to the originaldata setused to produce the JMC1 and JMC2
sequence databases, the fact that these reactions waandomly selected from a large
pool rather than a series of relatedpapers means that the likelihood of connections
between the data will be smaller Additionally, the presence of other agent molecules
can cause problems with the reaction network creation, as there is an increased chance
of selecting the wrong molecule as the intended reactant and product of the reaction.

However, the existing network method can be used to categorise the data s@e first
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random sample hasan average sequence length of 1.2&hich is considerably lower
than that seen for the JMed. Chem. data. This would make sense, given that the
syntheses represented in patents are likely to involve more specialised starting
materials, without the optimisation steps seen irmedicinal chemistry studies There is
also a significant reduction in the maximum length of the sequences, as can be seen in
Figure 526 and Table 5.D.

Frequency Plot of Reaction Sequence Sizefor the
first random sample from the US patent database
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Figure 5.26: Frequency plot of reaction sequence size for thérst random sample

extracted from the US patent database.

Number of
Number of steps
sequences

22500

4087
1293

198

40

19

N O g A W] N| P

2

Table 5.10: Table of the sequence summarfor the first random sample extracted from

the US patent database.
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When comparing the number and size of thgroups produced from thenegative AP2
content with that from the previous datasets, the first collection of patent data closely
resembles the J. Med. Chem. reaction sets. Thequency distribution is illustrated in
Appendix A, Section Al, showing a similar distribution to the J. Med. Chem. set
However, the precise nature of the mostommon RV groups shows some significant
differences, as seen in Tablb.11. Overall, 5,485 uniquegroups of negative atom pairs
were recorded, with the biggestgroups representing reaction centres containg the
same ether abstraction and nitro and amine processeseenwith the JMC1 reactiorset,
but with even higher frequencies In addition, the boronic acid and bromine reaction
centre associated withthe common Suzuki coupling process is signifiantly more
common here than with the JMCL1 set, highlighting its heavy usagetire kind of process

chemistry represented in the patents
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Negativeatom pairs
(duplicates indicate

Number of
reactions

Reaction centrdg

Sample reactan(s)

Sample product

0(1,0,0)2(1)-C(3,1,0)

multiple entries) represented structure
H,C ’
0(2,0,0)2(1)-C(1,0,0) %o
0(2,0,002(1)-C(3,1,0) 397 i
0 :fo o f Br
N(3,1,0)-2(1)-C(3,2,1) AKX e "
0(1,0,002(1)-N3,1,0| 329 )\ N .
0(1,1,012(2)-N(3,1,0) 2N o
HaC i OH  OH
C(2,0,0¥2(1)-C(1,0,0) )S,— on OJ
0(2,0,002(1)-C(2,0,0) 326 o __o N 0
0(2,0,012(1)-C(3,1,0) )4!4 @j/g @
NH2
Cl(1,0,0y2(1)-C(3,2,1 171 g f )
N(1,0,0)-2(1)-C(3,2,1) s RO B
cl \©\
Br . "
Br(1,0,0)-2(1)-C(3,2,1 S @
C(3,2,1)}2(1)-B(3,0,0)
0(1.0,0}2(1)-B(3,0,0) 129 HO)(BXoH LN
0(1,0,012(1)-B(3,0,0) i @ O
NH2 o, OH o o
(1,0,012(1)-C(3,2,1) j—\ % S ;3\@
N(1,0,0)-2(1)- 1 :
e e 121
g L

Table 5.11: Representation of the five largest groups gbartial AP2 RVsThe red lines

indicate bonds broken in the reaction centre structure.(Wallace, 2015
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The heavy skew in the frequency distribution shows that the degree of
underrepresentation of certain groups remains high. Some examples of the reaction
centres for which only one example existn the collection are shown in Figure5.28.
Theserepresent straightforward reactions which are not that common in druy design,
particularly with the complexity of some of the starting materials usedsuch as in the
bottom example However, the top example represents a fairly straightforward
reduction using Diisobutylaluminium hydride (DIBAL, a bulky reducing agent)which
would be relatively commonplace. In fact, there are 26 examples of this kind of reaction
in the database, but all have differing partial RVs. Part of the problem in this case is the

unusual method of reporting the use of DIBAL within the database, not img the

OOAAEOET T Al OAOEAGCAAS 1 AUT OO A@anGisdoccrEA AAT OOAI

with other reagents and leaving groups where more obscure structureslead to a

number of singletons in the data set.

HN
S ly y
. \ \o CH, 4@ CS) \ o

E

o on 5 :
H o CH
" N o e
=y — .
o ne + = N— ><
o B = o N o cH,
° NH
v o
b o, \

Figure 5.27: Examples of reaction centres for which only single examples exist in the
first US patent database(Wallace, 2A.5)

If the random sampling is truly representative of the data set, the distribution and
content of the partial RVsof the second randomly selected sethould be similar to the
first set, with heavy representation of ether abstraction and nitro group conversions.
This data set has an even more pronounced bias towards shorter sequences, with an

average sequence length of 1.20 steps, as seen in Figu9%nd Table 5.12

100



Frequency Plot of Reaction Sequence Sizefor the
second random sample from the US patent
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Figure 5.28: Frequency plot of reaction sequence size for theecond random sample

from the US patent database.

Number of
Number of steps
sequences

22500

3667

697

105

gl | W| N|

7

Table5.12: Table of the sequence summarfor the second random sample from the US

patent database.

In this set, 5,511 groups were recorded, but overall here is very little difference
between this set and the previous example from the patent databas€he frequency
distribution of the atom pair groupings inthis set is shown inAppendix A, Section A2,
along with information regarding the most common readbn centres. The fact that the
log-log plots for both samples are nearly identicawould indicate that the random
sampling is indeed indicative of the data collection as a whal& comparison between

the two sets is shown in Appendix A, Section-3a
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5.6 Conclusions

In this chapter, the creation of anetwork of reactions was described by linking
individual reactions according to common reaction components.This network
approach was then used to generate reaction sequercéor different collections of
medicinal chemistry reactions. The reaction collections were also grouped by first
generating RVs and grouping them according to identical negative atom pairEhe
collections were shown to have significant biases towards particular functional groups.
As might be expected for reactions used imedicinal chemistry there was a bias
towards reactions thatact onaromatic rings and onamine and carbonyl functionality.
The approach was then extended to collections of reactions from the US Patent
database demonstrating the ability to assemble usable material from any reaction
collection. In the next chapter, the reaction sequenceswill be used to construct a
variant of the reaction vector method capable of representing thentire sequence as a

single transformation for de novodesign purposes.
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Chapter 6:

Reaction sequence encoding

6.1 Introduction

The work in Chapter 5 established a way of creatingreaction sequences from a
collection of single stepreactions via the formation of a network. Howeverijt is not yet
possible to use these irde novodesign, as the existing RV format is limited to encoding
a singke step at a time In this chaptera revision ofthe RV algorithm will bereported
that permits the encoding of wholesequencesas a single transformation. This should
eliminate any issues caused by the application of multiple RVs in molecule optimisation
methods, while also being significantly faster for enumerationThis new method will
then be compared with the existing R\Mool in terms of the total number of molecules
generated in ade novocontext, as well as their novelty Additionally, the various
sequences produced from the reaction collections will be analysed via their atom pair
content as in Chapter 5to see if the same skew in functionality is present as in the RV

case.

6.2 Handling of reaction sequences

In Chapter 5, it was demonstrated that reactin sequences can be extracted from a
reaction network by tracing paths through the network and recording an ordered list of
the nodes and edges from start to finish. With these sequences recorded, attempts can
be made to develop methods to represent themrmia manner that makes them effective
within the existing de novo framework. Ideally, these approaches wouldpermit
structure generation via application of all relevantstored sequences regardless of
length in a mannerthat is faster than applying the individual reaction vector§rom the
sequencein turn, while remaining relatively easy and quick to implement. Thus, the
aim is to store all of the information required to generate the product of a sequence in a
single transformation step,in a comparable manner to reaction vectorslf the format of
the data storage could be made to be compatible with that of the originaiethod, this

would be of additional benefit, as tis would permit the original tools and workflows to
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be appropriated, with only minimal changes. In the next section, three such methods

are described and validated.

6.2.1 Reaction sequence vectors (RSVSs)

6.2.1.1 Direct Method

The simplest method of representing reaction sequences that is compatible with thie

novotoolset s to create an artificial chemical reaction in which the start and end points

I £/ OEA OANOAT AA AOA AEOAAOI U 1 ETEAA jOAA &ECO
OANOAT ARG AAT OEAT A Aifferaricd vecboOaddh stored ds GdforeA OET Cl1 A
giving an advantage over the original setup which would require as many individual

vectors (and therefore structure generation iterations) as there are steps in the

sequence, as seen in Figure 6.2. Using the same format as the original vectors is a

considerable bendit, as it permits the reuse of theexisting structure generation code,

greatly simplifying the further development of the tool set. For clarity, and to avoid

confusion with the earlier forms of reaction vector (RV) reported this reaction vetor

form will be referred to as a reaction sequence vector (RSV).

Sequence components
OH

OH (6]

o
+ )J\ —_ > OH + Hci
cl o

H

OH
OH o )J\
o
H,C o o
OH +H C)J\CI - + HCl
s l OH

Compressed sequence

OH

Figure 6.1: lllustration of the sequence compression processising a sequence from
JMC2(Wallace, 2015
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| )J\
Reaction Sequence Vector 1 H,C 0 0

OH

Reaction
Vector 3

Reaction
Vector 2 E oH

Figure 6.2: Comparison of the reaction vector (RV) and reaction sequence vector (RSV)
based approacles to structure generation. The RSV methodaims to enable direct
transformation from start to end point of the sequence, without having to generate

each individual reaction in turn.(Wallace, 2015

As with the original RV method, the creation of the RSV is straightforwards it is a
simple list of the differences in the atom pair descriptors between the two sides of the
compressed reaction sequence. The RSV resembles an RV in structure, albeit with a
larger list of descriptors stored, due to the increased number of changescoded. As
with the original reaction vector method, some additional information is required in
the form of a recombination path to ensure it can be quickly and effectively applied to
other molecules to generate the new products. Tocreate this, the reverse
fragmentation approach as described in Section 4.3.2 is applied to the start and end
molecules in the sequence and an ordered list of bonder fragments (the
recombination path) is created. The path is then stored with the RSV in the database as
before, to enable the final product to be generated from the starting material in an

efficient manner.

The main issue with using the reverse fragmentation approach to generate the
recombination path data is that as the molecules in theeaction get larger, so desthe
number of possible sets of fragments that can be generated, as a result of multiple
matches to the atom pairs. Particularly complex molecules, or those with a large
dissimilarity between reactant and product, need consideraly larger amounts of

memory as the list of fragments stored increases exponentially, eventually reaching a
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point where it is impossible for the system to store all of the combinations. Should this
occur, or if the reverse fragmentation method fails for my other reason, the breadth
first search method (Section 4.3.1) is used instead to generate recombination data by
constructing the necessary ordered bonds atodAby-atom in a bruteforce approach.
This process is considerably slower than the reverse fragméation approach, and
prone to failure, especially when there is a large difference between the reactant and
product. Even if the RSV is confirmed as suitable for reproducing the sequence on
which it is based, there are still potential problems. In the earlier workt was assumed
that in order for an RV to be effective in generating new molecules, there is a need for
all non-hydrogen atoms to be balanced on both sides of the reaction to ensure that the
correct product can be generated from the constituent molecule@Patel et al., 2009%.
This would imply that using an RSV created through direatonnection of the molecules
at the start and end of a multistep reaction is likely to fail when used for novel
structure generation due to missing atom pairs as a result of the absence of reagent
information. While the reverse fragmentation approach doesiot necessarily require
this atom balance, no assessment was performed of the effectiveness of the tool for
unbalanced reactions.Therefore, two other methods of vector preparation werealso

investigated.

6.2.1.2 Additive and subtractive methods

In order to add reagent information, two different methodscan be used. One is based
on the addition of molecules to create reagents, while the other is based on subtraction
of the starting material from the product. These are illustratedin Figure 6.3,for a
simple, two step sequencealongside the direct method previously discussedn both
cases,these approaches utilise the full reaction data encoded as part of the reaction
network (Section 5.4), and the reactant and productssignments already obtained

during the network processing.
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Sequence components

CH,
+ HCI
+ HC—Cl e
CH, OH
+ Her
+ HO/\Br —_—

Reaction Sequence Vector (RSV) reactions

OH

it + HBr + HCI
@ Fohomo + o, Additive
OH
Subtractive
@ e on ————»

o &

Figure 6.3: Examples of thadifferent methods of generating reaction sequence vectors

from a typical two step reaction sequencgWallace, 2015

In the additive approach, the individual reagents in each step of the sequence are added
to the start moleculewith the RSVbeing the difference between the atom pairs in the
product and the sum of the atom pairs in the starting molecule and all of the rgants in
the sequence.The reagentsfor each reactionstep are identified by removing the
designated reactant, and then collecting the moleculgbat remain onthe reactant side.
While including all of the reagentmolecules does not strictly balance the reaction, it
ensures that all of the relevant atom types needed for the transformation are present in
the correct numbers.

yl OEA OOAOOAAOEOA APDPOT AAERh A OOOPAO OAACA
molecule from the product of the sequence and added to the left hand side of the
reaction. To perform the subtraction, a maximum common subgraph comparisoris
made betweenthe two molecules using the Indigo library(EPAM Life SciencgqFigure
6.4). The super reagent is formed by subtracting the maximum common subgraph
(highlighted in red) from the product to generate a substructure. The RSV is then the

difference between the product and the combined starting molecule and super reagent.
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In this case the reactant and product designations come directly from the reaction

network, with only the first and last reactions of the sequence being considered.

OH

Super reagent + HBr

!
=

k
Figure 6.4: lllustration of the subtractive method (aximum common subgraph

»
|

highlighted). Note that side products are not includedThe * indicatesthe attachment
point. (Wallace, 2015

6.2.1.3 Comparison of Methods

In order to determine which of these thee RSVgeneration methods is the most
effective for sequence encoding and reproduction, all three were validated usingb60

two step sequences found within the smaller reaction network produced from over
25,000 reactions from the Journal of Medicinal Chemistry (JMC1, Section 5.5). RSVs

were prepared from the sequences according to each of the three methods.

For each method ad each sequence, the RSV was generated and then applied to the
known starting molecule using thede novotool and the resulting products were
assessed against the expected product. If the correct product molecule was found, the
sequence was said to haveden successfully reproduced. The RSV approaches were
also compared with the original reaction vector method, in which RVs generated from
the individual reaction steps were applied in turn. For consistency, these single
reactions were processed in the samenanner as the sequencese. only one reactant
and one productmolecule were included, and reagentswere removed. The results of
these experiments are presented in Table 6.1 and Table 6 Po aid comparison,two
versions of the RVs were also usedne where reagent data was included when
generating the RV and one where the RV was generated without reagent data, i.e.,
where the reactions were reduced to a single reactant and product prior to generating
the RV.

108



Additive | Subtractive [ Direct | Executing individual Executing
method method method reactions in turn individual

(original approach, | reactions in
with reagent data) | turn (without

reagent data)

Number of
sequences
5080 5123 5305 5720 4509
successfully

reproduced

Table 6.1: Table comparing methods of reaction sequence vector generation for560

two step sequences.

Additional sequences reproduced compared to method
il Wnge Additive Subtractive Direct
used
Additive 510 380
Subtractive 495 348
Direct 587 570

Table 6.2: Table demonstrating where some sequences are reproduced in one method,
but not another. The rows and columns represent the unigue sequences reproduced in
one method compared to the other, (e.g. 510 sequences were reproduced in the

subtractive method that were not produced in the additive method).

Table 6.1 shows that the originalRVmethod with reagentsreproduces more sequences
than any of the new approachesHowever, considering theRSVsthe direct approach is
the most effective for reproducing the reaction sequences, despite the heavy atom
imbalance that results from excludingany additional reactant data. Tis would imply
that additional reactant data is not essential to the structure generation process this
case, although the R\tase shows better results where reagent data is presenthe
difference results from the fact that, for certain sequences, the reagent data produced
exceedsthe amount of material that can be represented within the vector framework

which is designed to support a maximum of three separatenolecules on the reactant
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side. In cases where this is exceeded, the vector cannot be reproduced and therefore
the sequence isrecorded as failing.It is interesting to note that Table 6.2 shows that
each approach is able to accomplish the reproduction of some sequences that are not
possible by the others.In the cases where the direct method is outperformed, this is

due to the presence of the additional reagent data.

6.3 Reaction sequence validation

6.3.1 Sequence reproduction tests

In order to further determine the effectiveness of the direct method fode novodesign,
the sequence reproduction experiment was repeated and extended ta randomly
selectedsubset ofreaction sequencedrom the original IMC1 data set (Chapter 5By
splitting the experiment into separate groups according to sequence length, it should be
possible to determine if this has any effect on the ability ahe RSVmethod to encode
and reproduce the contained chemistry. It is expected that the degree of success in
reproducing sequences will be inversely proportional to the sequence length, as the
more steps there are, the greater the difference between the start and @&mpoints, and
thus the greater likelihood that the necessary material will be missingue to ambiguity

in assigning atom pairs A breakdown of the results by sequence is listed in Table 6.3.
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Number of steps Sequences successfully Percentage reproduction
reproduced

2 5240/65 00 80.6%
3 1471/2731 53.9%
4 559/1172 47.7%
5 187/462 40.5%
6 71/189 37.6%
7 23/66 34.8%
8 10/19 52.6%
9 5/10 50%

10 217 28.6%
11 2/4 50%

12 1/3 33.3%

Table 6.3: Table showing the success rate for reaction sequence reproduction.

While the overall figures are not particularly impressive (an overall success rate of
55.5% for the database as a whole}he experiment shows hat there are a number of
issues with memoryallocation that can be worked around to improve the quality of the
results. At this point, given the general failure rate, it is difficult to determine whether
the apparent relation between the reproduction success and sequence length is

significant.

6.3.2 Impro vements to the algorithm

On further analysis of theRSVfailures, it became clear that the sequences that failed to
reproduce successfully were due to the correspondinRSVnot being generated Thisis

due to the procedure for creating the recombination path following generation of the

RSV (Section 6.2.1failing. The vast majority of these failed sequences triggered error

i AOOGACAOG AOOI AEAOGAA xEOE AAET C OOIT 1 AOCAG
with the fragment combinations exceeding the memory threshold. Agrocessing power

has increased considerablsince the vector code was originally designed, it is possible

to simply increase the amount of memory available to store the combinations, and thus
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permit these complex sequenes to be handled by more powerful computers. This
slows down the generation of the vector database due to the greater number of
combinations that can be tried, but does nohave significant impact onthe time taken

for the structure generation process itelf. With the code amended to take this into
account, a new experiment was performed using the sequence database to see how

much of an improvement has been made.

By running the same sequences through the code with the expanded memory
allocation, the overdl success rate increased from 55.5% to 74.7%, which is a
significant improvement. However, there remain a number of errors that cannot be
resolved via memory related fixes alone. These are largely related to thecombination
method producing the wrong mdecule (or no molecule at all) due to errors in the
fragmentation processes By adding data logging features to the vector generation code,
it was possible to trap errors during the recombination path generation step without
going through the structure gereration process, and thus determine the cause of these
issues. The overall results of the experiment are listed in Table 6.4, categorised by the

reason for the failure.

Type of failure Number of reported failures
Fragments generated (forward and
1542

reverse), but no path
Forward fragments invalid/empty . 633
Reverse fragmentation fails due to

. ) 283
memory issues, forward cannot find path
Path finding times out 419
No valid fragments generated 240
Total 3117

Table6.4: Report of failures in the sequence vector system.

There are five different categoriesof reproduction failures. The main cause®f failure
are where the recombination path code simply times out, without any results being
found, or the algorithm fails quickly without any fragments being generated. Usually
this is due to the differences between the sides of the reaction being too great to result

in meaningful fragmentation via any of the existing methods, resulting in an attemppo
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build the recombination path atomby-atom. While increasing the memory allocation
for fragments can improve matters in some cases, in order to permit all of these
examples to be encoded will require far more memory than is available with standard

computer hardware, and as such, these problems remain unfixable.

The same issue can also manifeitself in a slightly different way, where one side of the
reaction fragments correctly, while the other side does not. This seems to be more of a
problem when al examples of a particular atom environment change bond order and
type (due to cycle formation or condensation, for example) over the course of the
reaction. If this situation cannot be reversed through simple fragmentation of a
particular bond, there will be insufficient material to permit a correct reconstruction
based on the stored descriptors. An example of such a reaction is presented in Figure
6.5.

Ring fusion

N cannot be easily NA

O +Ho =0 fragmented. O
"0

N

O*Z/‘f

NH,

Figure 6.5: Example of a failing reactiorin the data set where ring fusion confuses the
fragmentation code (MCS highlighted)Wallace, 2015

In order to increase the number of sequences that can be processed, an attempt was
made to add further reagent data toenable processing ofthe sequence using the
subtractive method (Figure 66). Reactions that fail processing with the direct method
are passed to the subtraéve method and processed againwith the super reagent
added. Thisleads to successfuteproduction in the majority of cases.Note that in the
example in Figure 6.6the super reagent does not have a iy satisfied valence as no
atoms are added to the fragments after calculation in order to keep the reaction

balanced.
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Figure 6.6: Revisedversion of the reaction from Figure &b, using the super reagent data
to generate the ring fusion fragment (MCS highlightedjhe red lines in the super
reagent indicate bonds broken, the asterisks represemoints of attachmeni{Wallace,

2015)

After increasing the memory allocation to the algorithm, fixingan apparent bug with
the database handlingand permitting the subtractive RSV method to generate
additional reagent material where necessary, another attempt was made to reproduce
all of the reaction sequences contained within the J. Med. Chesubset This is
summarised in Figure 67, with the full details in Table 6.5. The second run was far
more successful, with &82 sequences successfully reproduced, giving a 76.3% success
rate overall. Over the whole of the sample set, it appears that there is no significant
relationship between the number of steps in the sequence and the rate of success,
although the number ofsequences of five steps or above is so small, it is difficult to
draw strong conclusions. For thosesequences withover 400 examples(the solid line),

a slight downward trend can be observed. Where there are fewesequences (the

dashed line) it is difficult to observe any trend.
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Figure 6.7: Graph showing the relationship between sequence length and percentage

success.The solid line represents the sequence lengths for which theare sufficient

numbers to draw conclusions over trends, while the dashed lines have too few to be

useful.

Number of steps Sequences successfully | Percentage repoduction
reproduced

2 5240/65 00 80.6%
3 1980/2731 72.5%
4 817/1172 69.7%
5 289/462 62.6%
6 120/189 63.5%
7 37/66 56.1%
8 15/19 78.9%
9 7/10 70%

10 5/7 71.4%
11 4/4 100%
12 3/3 100%

Table 6.5: Table showingthe success rate for reaction sequence reproduction with the

revised method.

Because of the lack of long sequences in the original database, thk content of the

expanded reaction network JMC2 (Section 5.5) was used to carry out the same
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experiment. This network includes all sequences that start or finish partway through a
longer path, and as such includes the synthesis of all possible intermediate molecules.
As a result, the network contains124,354 reaction sequences generated from the
22,694 J. Med. liem. reactions previously curated, as shown in Figure &and Table
6.6. With larger numbers of sequences available, it is possible to observe a general
downward trend as the sequences get longer and more complex, as can be sémn
sequence lengths 2 td.3 which have over 400 sequences stored (the solid line). Of the
reaction sequences stored(including single step sequences)93,557 give unique
vectors, and92,767 can be successfully reproduced, giving an overall reproduction rate

of 99.2%, which isconsiderably better than the subset ofJMC1previously studied.

100 ‘\ =
9 5 .-.. .....
90 ——o a >—e

85
80
75
70

65 T T T T T T T T

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
Sequence Length

P

% Success Rate

Figure 6.8: Graph showing the relationship between sequence length ammkrcentage
success for the expanded networkAs with Figure 67, the solid line represents those
sequences for whichthere are sufficient numbers to draw conclusions over trends,
while the data points connected by the dashed lines have too faaxamplesto be able to

generalise
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Number of steps Sequences successfully | Percentage reproduction
reproduced

2 7808/8000 97.6%
3 7890/8632 91.4%
4 9522/10452 91.1%
5 11081/12137 91.3%
6 12100/13519 89.5%
7 11279/13176 85.6%
8 8875/10771 82.4%
9 6004/7458 80.5%
10 4480/5758 77.8%
11 3404/4563 74.6%
12 1901/2569 74.0%
13 779/1014 76.8%
14 282/318 88.6%
15 187/187 100%
16 168/187 90%

17 11/12 90%

Table 6.6: Table showing the success rate faeaction sequence reproduction with the

revised method, using the expanded network.

Further efforts to improve the performance of the method were considered, but it was
felt that the potential gains that would result would be outweighed by the complexity
involved in modifying the algorithm at this stage. In particular, the types of reactions
that the current code struggles with are those which are less appropriate from @drug
design standpoint, due to the components having overly high molecular welgs, or
being highly complex in terms of the number and types of bonds, making fragmentation
difficult. Some examples of such reactions are listed in Figure96.It should be noted
that all of thesereactions do not participate in sequences, and have rapnnection to

others within the reaction network.
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Requires fragmentation of large molecule in multiple places (decompositign

Requires handling of large fragments
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Overly complex end product, cannot fragment correctly
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Figure 6.9: Examples of reactions that fail using thde novoalgorithm, with the reasons
for failure. (Wallace, 2015

3

These highly specialised reactions are unlikely to offer many opportunities faile novo
use, and assuch their omission should not adversely affect the ability of the tool to

generate useful novel molecules.

6.3.3 Comparison of RV and RSV forde novodesign

With two different approaches to performing structure generation available (the
individual RVs and the corresponding RSV), the number of molecules generated by
each approach is likely to vary in size considerably. As the RSV approach misses out
molecules gnerated by the intermediate steps, and the reagent data is explicitly
encoded within the RSV, the amount and novelty of the produced molecules is likely to
be much smaller. This could potentially lead to results that are insufficiently diverse to
be worthwhile in a de novocontext. To compare the numbers of novel molecules
generated, the6,379 three step sequences from the JMQCfata setthat produce unique

RSVs were extracted from the database. All of these unique RSVs were applied to the
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1,043 unique stating materials from the initial reactions in the sequence, usinghe
direct RSV method The number of unique, novel (i.e. not present in the network)
molecules was recordedThis process took 10 minutes to execute on an i7 workstation.
This experiment wasthen repeated for the RVs of eacteaction step in eachsequence
in turn. For each of the sequences, the individual R\iscluding the original full reagent
data) in each step were extracted and duplicates were removed. Each of {H&0 unique
RVs in the fist set ofreaction stepswas applied to each starting material to give a set of
1,820single step products. The876 unique RVs from the secondteps of the sequences
were then applied to each of theunique products to give a set 0f12,128 two step
products, before repeating this again for the819 RVs in the third set (this process is
illustrated in Figure 6.10). The number of unique products following the final step was
then recorded, andis summarised in Table 6.7Because of the increased numbers of
intermediates involved in this process, the overall execution time was considerably

longer, taking approximately 90 minutes to complete on the same i7 workstation as the

RSV experiment.
Apply each Starting Material
to all 760 unique RVs
43 (743 x 760 RVS) Result Set 1
Starting Materials (1,820 Products)
Results applied to376
unique Step 2 RVs
312,962 Result Set 2
Products Results applied to 819 (12,128 Products)

unique Step 3 RVs

Figure 6.10: lllustration of the stepwise RV experiment.

Method of structure generation Unigue, novel molecules generated
RSV approach 33,976
RV approach 312,962

Table 6.7: Comparison of the result populationsgenerated by the different structure

generation approaches.

Because of the way this experiment is conducted, not all of the product molecukesm

the RV approachare generated from applying three consecutive reactions to the
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original starting materials (for example,some may be the product of only one or two
reactions, starting from one of the intermediate pointy. However, there are a
considerable number of the generated products that can be tracked through amtire

three step sequence, as shown in Figureld..

CH, H,C
HO 0 (|3 o ﬁ
o) o
R18902 RI8765 RI6545 |
o) CH, o) CH, o) CH, o CH,

Figure 6.11: A sample route seen in the stepwise R\{Wallace, 2015

While the individual reaction based approach produces considerably more molecules,
the population from the sequence based method still appears to be of sufficient size and
scope to be usful from a de novostandpoint. However, forde novodesign purposes,
longer sequences needed to be analysed using the RSV method, with greater focus

placed on reviewing the diversity of the molecules produced.

6.3.4 Molecule novelty assessment

In order to assess the applicability of the RSV method tde novodesign as a whole, the
full IMC2 reaction network 003,557 unique sequence vectorgas mentioned in Section

6.3.2) was tested for its ability to generate novel molecules.

The goal of the experiment was taletermine the amount of product novelty that can be
produced on application of the reaction sequence vectors, and to compare this with
what can be achieved with the original reaction vectors. To assess this, thgucture
generation tool was used to applythe JIMC2 database of RSV¥s a set of 500 starting
material molecules selected at random from the reaction databas&his process took
an average execution time oR5 minutes per starting material on the i7 workstation
mentioned previously, with the overall time being proportional depending on the
number of vectors that were applicable.The number of novel uniqgue molecules
produced (i.e. those absent from the reaction network) was then recorded. A summary
of the distribution of the molecular weights of the500 starting molecules is presented

in Figure 612, with further information regarding the hydrogen bond donors and
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acceptors present in Figure @3 and 614. By selecting starting materials at random,
the intention was to cover as much of thevhole database in terms of functional group
properties and general characteristics as possibleAs generated, the sample favours
hydrogen bond donors over acceptors, and is skewed slightly towards moleculésat

have molecular weights below 200g moit. These properties should result in a series of

starting molecules very similar to traditional drug precursors.

Molecular weight distribution of
starting materials
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Figure 6.12: Molecularweight distribution for the 500 starting material molecules.
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Number of hydrogen bond donors in
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Figure 6.13: Hydrogen bond donor distribution for the 500 starting material molecules.

Number of hydrogen bond acceptors in
starting materials
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Figure 6.14: Hydrogen bond acceptor distribution for the 500 starting material

molecules.
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A summary of the products from this experiment is given in Table 6.8, along with a
frequency plot ordered by number of product molecules per starting material in Figure
6.15. Overall, an average of 137 molecules is produced per starting material, with
68,703 unique products generated in total. The largest number of unique products
generated was fom a simple allene. The large number of products generated from this
particular compound is due to the presence of RSVs that can act on both the saturated
atoms in the chain (of which there are several) as well as the unsaturated atonf$gure
6.16 shows a histogram of the average number of products sorted by the number of
steps in the sequence used to generate them, while Figurel®.shows a frequency plot

of the number of products generated per RSV.

Most molecules generated 1,742

P U
H,C

3

An examplemolecule which results in 0
no  product molecules  being

CH
generated H,C ’

o}

CH,
Total number of molecules generated 68,703
Average 137.4molecules per starting material

Table 6.8: Summary ofthe results, applying the RSVs in JIMG@ 500 randomly selected

starting materials. (Wallace, 2015
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Number of products generated by
individual starting materials
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Figure 6.15: Plot showing the number of unique products generated from each starting
material from the IMC2 RSVs
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different sequence lengths
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Figure 6.16: A breakdown of the products, arrangedby sequence lengtifrom the JMC2
RSVs
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Number of products generated by
individual RSVs
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Figure 6.17: Frequency plot showing the number of RSVs applicable to each starting
material from the JIMC2 RSVs.

Figure 615 shows a great variation in the number of novel products generated with
210 starting materials producing in excess o600 products. There is then agradual
decline, with the next 20 starting materials producing an average of 300 products each,
before a further decline to below 100 products, and for the las64 molecules,no unique
products generated at all Reviewing the molecules in question, it is the simpler, more
drug-like starting materials with common functionality that lead to greater number of
products, as shown by the examples in Table 6.9. For examples most products in this

case were generated fronmolecules with somecarbonyl or doublebond functionality.
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Structure Number of unique, novel products
generated
CH
Hac/\/W 2 1,742
H,C
CH3 \\N/\CH3
o)
1,604
o)
N X cH,
HaC O/&o 1,511

Table 6.9: The three starting materials that generated thenost unique products in the
sampling experimentfrom the IMC2 RSV$§Wallace, 2015

A breakdown by RSVs (Figure 67) offers a number of surprising results, considering
the nature of the network and the sample of starting materials usedkirstly, it is clear
that, despite the number of RSVs, relatively few sequences are actually used to generate
products, with only 2,700 of the 93,557 RSVs being use@f these only a quarter of that
figure are used to generate more than ten unique produst and41 of these generate in
excess of 250 productsThis is an interesting result, as it suggests that there is one key
portion of the network that is used for structure gereration, with the vast majority of

the network proving irrelevant to thesesimple starting materials.

Table 6.10 showsexamples of:RSVs that generated the most producishe original
reaction sequences from which they were generated; together with starting material
and the product generated from it With a few noted exceptions, these operate on
aromatic species, further confirming the apparent dominance of the more generic

addition chemistry in the test set.
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Sequence ID Sequencanformation Sample | Sample product
reactant
SCM_17413 Sequence reactions
O CHy
\ T
o
O |
|
g O
O
o
CH, [ :
I
O o
Y — Y
SCM_54554 Sequence reactions

P oe O
RSV

H,C
CH,
|
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Sequence ID Sequence information Sample | Sample product
reactant
Sequence reactions
—_
/
£, CHj
CH,
o o
SCM_62626
Z
o H,C
RSV

Table 6.10: lllustration of the three most frequently usedJMC2RSVs (Wallace, 2015

Studying the overall frequency distribution of RSVs, it appears that approximately 600

RSVs (6% of the total) are responsiblefor the majority of the products. Again, this is

down to the relative applicability or otherwise of the sequences represented, with

simpler processes being more applicable than the more convoluted sequences. When

this consideration is extended to sortingby sequence length, it can be seen that once

sequences get particularly long thdikelihood of them being applicableis reduced with

more products generated through RSVs of shorter sequences.

In order to test the wider application of the reaction sequence data, the same

experiment was performed with asecondseries of 500 molecules extracted from the
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reagent pool. This pool was generated as part of a previous project, where reagent
molecules deected within the reaction database were removed from the records as
part of a database cleaning operation, and stored in a separate file. These reagent
molecules are not directly related to the stored sequences, but should provide sufficient
functionality to resemble the typical small molecule pool used ide novodesign. The
completion time for this experiment was approximately the same as with the other
starting materials, averaging 25 minutes for each input moleculéA summary of the
distribution of the molecular weights of these molecules is presented in Figurel®,
along with the hydrogen bond donor and acceptor profiles in Figure 89 and 6.20. For
comparison, the distributions of these properties for the original collection of starting

materials are also included.

Molecular weight distribution of

140 - starting materials

m Reagent Pool
120 -
Original Starting

100 1 I i Materials
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Figure 6.18: Molecular weight distribution of the starting material collections.
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Number of hydrogen bond donors in
reagent pool
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Figure 6.19: Hydrogen bond donor distribution for the starting material collections.
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Figure 6.20: Hydrogen bond acceptor distribution for thestarting material collections.

It should be noted that this distribution of molecular weights favoursa lower range
than the original as shown in Figure 612. In terms of functionality, however, the

sample is now biased in favour of hydrogen bond acceptarsThis givesa different
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activity profile to the previous set that may favour a different portion of the reaction
network.

A summary of the data produced from this exp@ément is given in Table 6.11, along with
frequency plots ordered by product molecule, the sequence lengths and the particular
RSVs involved (Figure 6.2, 6.2, 6.23). Overall, an average of 719 molecules is
produced per starting material, with 89,881 generated in total. This ishigher than with
the previous pool of starting materials.However, in this casethe most products come
from a molecule containing afunctionalised benzene ring, while the least products
come frommolecules like carbon tetrabromide a molecule with very little functionality

to exploit. Looking at the most commonly applied sequencesyo of these are shared
with the previous sample SCM17413, and SCM52626), so only the sequence that is
not shared is shown inTable 6.12.It should be noted that this sequence (SCM_6297) is
not a realistic synthetic route, and is produced itthis form in the database as a result of
the automated connection ofrelated reactions. A more realistic approach to the same
goal would be viaa Grignard reagent operating on the esterSuch atransformation is
present in the database, buts removed as a duplicate RSYhis highlights an issue with
the sequences that are stored with the RSVs. When multiple sequences lead to duplicate
RSVs, it would make me sense to retain the sequence having few steps, rather than
making an arbitrary choice as occurs currently.Table 6.13 shows thethree most

frequently used starting molecules.
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Most molecules generated 1,416

An example molecule which results in 0
no product moleculesbeing generated Br
Br+8r
Br
Total number of molecules generated 89,881
Average 179.8 molecules per starting material

Table 6.11: Summary of the results of the molecule novelty experimenfrom the
reagent pool using the IMC2 RSM#Vallace, 2015

Number of products generated by individual
starting materials in the reagent pool
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Figure 6.21: Frequency plot showing the number ofunique products generated from

each starting material in the reagent poglusing the IMC2 RSVs
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Number of products generated by different
seguence lengths using the reagent pool
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Figure 6.22: A breakdown of the products, arranged bysequence length, using the
reagent pooland the JIMC2 RSVs

Number of products generated by individual
RSVs using the reagent pool

Number of unique products
generated
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Figure 6.23: Frequency plot showing the number of RSVs applicable to each starting
material in the reagent pool, using the JIMC2 RS\@nly the nonzero values are shown,

the vast majority of the RSVs remain unused.

133



Sample Sample

Sequence ID Sequence information reactant product

Sequence Reactions

P |©
O O O Q| :
B3H QL WYX TN e T Y e )
o o o o] | Q
RSV

Table 6.12: Example of some of the most frequently used RSVs with the reagent pool
and the JMC2 RSVsTwo of the three most frequently used RSVs are shared with the

other experiment. (Wallace, 2015

Structure Number of unique, novel products generated

O

(0]

Br

©%CH 1,404

s 1,393
@/ v\u

Table 6.13: The three starting materials that generated the most unique products in the

sampling experimentusing the reagent pool and the IMC2 RS/ allace, 2015
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The samegeneraltrends in genegation of products according tostarting materials and
RSVs can be seen as before, withany of the most frequently used sequencesn this
casebeing the same as thoseseen with the previous set. Comparing théhree most
frequently used RSVs with theprevious experiment shows significant overlap, with
only one RSV being different (shown in Tablé.12). Figure 621 shows that, as before,
there is a heavily skewed distribution of products generated from particular starting
materials, but with a lower product total overall. In total, 3,792 RSVs are applied to
generate structuresin this case The same steep descents and long plateaux are present
in this distribution as in the one for the previous experiment (Figure @.7), indicating
that a limited subset of the sequences are used to generate the productdowever, in
this case the number of moleculegienerated at each step is slightly largethan the
previous case with a steeper tail off towards the end of the distribution. Overall,78

moleculesleadto no products being generated due to a lack of applicability

Considering the breakdown by sequence length in Figure B2, it appears that the
profile of products generated relative to sequence length is more evenly distributed.
However, the most commally used transformations seem to be consistent over the two
runs. Reviewing the breakdown by RSV (Figure B3) again reinforces the suggestion
that the issues with apparentlyonly accessing limited portions of the networkin these
experiments are genuine effects rather than limiations of the sampling.In both cases
the majority of the product generation is carried out by a small portion of the total
network, with around 95% remaining unused The fact that so little of the recorded
network appears to be used for both samplesuggests that there are issueshat require

further investigation.

Looking at the overlap between the two sets of results, there ar2821 RSVs usedo
generate structures inboth experiments. This represents the majority of the useful
sequences in both casesuggesting that only a very narrav range of reaction centres
are relevant for these kinds of starting materialsHowever, n terms of the structures
generated, the overlap is relatively small, with 2,909 molecules common toboth
experiments. Examples of some of these are illustrated in Figure2@, with these
common molecules being based arounding structures, and in some casescarbonyl

functionality .
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N — NH

N// \\N OH

Figure 6.24: Examples of molecules produced from both sets of starting materials.
(Wallace, 2015

In order to ascertain the sensitivity of theoutput of structure generationto sets of RSVs
derived from different sources to see if the issues regarding the relatively small
numbers of applicable sequences occur with other collectionshe two sets of 26,000
reactions abstracted from the NextMove(Lowe and Sayle, 201} collection of patent
data in Section 5.5.3 were used to perform similar experiments. As mentioned
previously, the analysis by Schneider et a(2014) indicates that these reactions are
more complicated than those considered in the JMC1 and JMC2 collectianganing
that fewer of these are likely to generate RSVl owever, there should be sufficient data
for a meaningful experiment.lt should be notedthat the patent data sets contain atom
mappings that can theoretically be used to identify the intent of the reactions. However,
for ease of comparison it was decided to disregard this and use the existing methaafs

processing the reactions

The reactionnetworks produced for each data set (as detailed in Section 5.5.3.1) were
used to produce RSVs using the direct method. The two RSV collectiorese then used
to generate products using the original set of 500 starting materials selected for the
first experiment. As before,the number of novel unique molecules producedrom the
RSVs in this databaswas recorded.A summary of thenumber of products generateds
given in Table 614, along with a frequency plot ordered by number of product
molecules in Figure 6.25. Overall, an average of 2,421 molecules is produced per
starting material, with 1,210,733 generated in total. As before, the most productze
generated for a starting material with multiple functional groups and attachment
points, in this case featuring twobenzene ringsthat can be functionalised in a number
of ways, but those with more complicated groups only provide results that fail the
stability check. It should be noted that nore of the starting materials from the
experiment generated productsin this caseas opposed to the JIMC2 experimentvith
only 26 recording no products at all. Figure 6 shows a histogram of the average

number of products sorted by the number of steps in the sequence used to generate
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them, while Figure 627 shows a frequency plot of the number of products generated
per RSV.

Most molecules generated 9,829

|
N
o
0
H,;C
(¢]
pee
(¢]
\
o

Total number of molecules generated 1,210,393

An example molecule which results in

no product molecules being generated

Average 2,420.79 molecules per starting material

Table 6.14: Summary of the results of the molecule novelty experimerfor the first

patent data collection (Wallace, 2015

Number of products generated by
individual starting materials
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Figure 6.25: Plot showing the number of unique products generated from each starting

material for the first patent data collection
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Number of products generated by
different sequence lengths
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Average number of unique products
per recorded, non -zero sequence
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Figure 6.26: A breakdown of the products, arranged by sequence lengtfor the first

patent data collection
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Figure 6.27: Partial frequency plot showing the number of RSVs applicable to each

starting material for the first patent data collection
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As with the JMCdata sets, the vast majority of the products are generated by a
relatively small portion of the RSVs The largernumber of products seen with this set
(1,210,393) would suggest that thee is a greater likelihood of applyingthe RSVs in this

setto our starting materials, despite the relatively short sequence length

The second data setaken from the patent information is very similar in characteristics

to the first, with slightly fewer sequences presen{26,981 in total). Despite this lower
number of sequences more unigue products were made from this set than the previous
example, with 1,470,740generated averaging at 2,941 per molecule. Once again, not all
of the 500 starting materials generate products, with 35 producing nothing in this case.
A summary of the number of products generatedfrom the sampling experiment is
given in Table 615, along with a frequency plot ordered by the number of the
generated product molecules in Figure &8. Figure 629 shows a histogram of the
average number of poducts sorted by the number of steps in the sequence used to
generate them, while Figure 80 shows a frequency plot of the number of products
generated per RSV.

Most molecules generated 12,260

An example molecule which results in 0
no product molecules being generated cH,
o ! _—CH,
o o
o
Total number of molecules generated 1,470,740
Average 2,956.74 molecules per starting material

Table 6.15: Summary ofthe results of the molecule novelty experimentor the second

patent data collection (Wallace, 2015
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Number of products generated by
individual starting materials
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Figure 6.28: Plot showing the number of unique products generated from each starting

material for the second patent data collection

Number of products generated by
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Figure 6.29: A breakdown of theproducts, arranged by sequence lengtfor the second

patent data collection
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Number of products generated by
individual RSVs
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Figure 6.30: Partial frequency plot showing the number of RSVs applicabl® each

starting material for the second patent data collection

Again, the vast majority of the unique products are made from only a few of the stored

RSVs in the databas@nd the general trends are similar to the first patent derived set.

6.3.5 Network analysis by RSV content

The skewed distribution of the numbers of products generated for the RSVs and
starting materials has potential implications for ade novotool, in that populations
could either become too large to realistically handle, or too smalto generate
interesting molecules depending on the nature of the inputThis has importance when
considering the composition of the ideal reaction network and subsequent database of
RSVs generated from itTo be usefulin a de novocontext a reaction network would
ideally cover as much of the potential solution space as is possible. This means that it
would need to contain sufficiently diverse transformations to ensure that it is
applicable to all starting materials of interest.At the same time, sequencethat are
irrelevant to the used starting materials should not be present, as the time taken to
search the RSV collection to generate structures increases with the collection size. In
the sampling experiments large sections of thereaction network proved to be
irrelevant to the druglike starting materials used, so in this case a much smaller

database could be used to achieve the same results with greater efficien®ne of the
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simplest methods to analyse the collected RSVs for applicability to a given gt
starting materials is to study the reaction centre, in a similar manner to the database

analysis in Section 5.5.3.

As discussedpreviously, the simplestgrouping approach for RVsis by negative atom
pair content, since these determine the characteristics required in a starting material
for that transformation to be applicable.RSVs store data in the same manner, albeit in
larger amounts, so this sameapproach can be used to studyransformations over
whole sequences. The storedRSVs from the JIMC2 networkd@, 767 unique RSVs) were
grouped based onidentical negative atom pairs The number ofgroups indicates the
number of different types of functionality that the network can beapplied to, whereas
the relative numbers ofRSVsn eachgroup indicates if the network favours one type of
reaction centre over any othersAn illustration of the distribution of RSVs irgroups is
shown in Figure 631, with an expansionin Figure 632 and a loglog plot for the
distribution in Figure 6.33 xEEAE ADPDPOI GEi AOGAO : @ A3 O

distributions analysed in Section 5.5.3.

Frequency distribution based on negative
atom pairs in RSVs
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Figure 6.31: Frequency distribution curve based on the negative atom pairs in the IMC2

data set
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Frequency distribution based on
negative atom pairs in RSVs
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Figure 6.32: Expansion of the firs2000 entries in Figure 631.

Log-log plot of frequency distribution based
on negative atom pairs in RSVs

log (frequency)

log (rank)

Figure 6.33: Log-log plot of the frequency distribution based on the negative atom pairs

in the IMC2ata set

The frequency distributions show that there is indeed aignificant amount of skew in
the nature of the reacant functionality, with only 9,316 groups generated, andonly

1,105 of these representing more thanten sequences.The five most frequent partial
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RSVs were tabulated, as shown in Table &1These are very simple in nature, and
represent structural features that would be expected to bepresent in many starting
materials. Theae is a significant bias tevards aromatic structural specieswhich are
common to many drug precursors andndicates a tential lack of diversity within the
RSV database.

Negative atom pairs Number of Reactant Example Example product
(duplicates indicate sequences| functionality reactant
multiple entries) represented| structure
H H,C
\
| (0]
1(1,0,0)-2(1)-C(3,2,1)
1(1,0,0)-3-C(2,2,1) 510 j_\ o
1(1,0,0)-3-C(2,2,1) LR
S o
/
H,C

C(2,1,0¥2(2)-C(1,1,0)
C(3,2,1¥2(1)-C(2,1,0)
C(2,2,1)3-C(2,1,0) 410
C(2,2,1)3-C(2,1,0)
C(3,2,1)3-C(1,1,0)
C(3,2,1)2(1)-C(2,0,0) HO
0(1,0,0¥2(1)-C(2,0,0)
C(2,2,1)3-C(2,0,0) 409
C(2,2,1)3-C(2,0,0) ON
0(1,0,0)3-C(3,2,1)
B
Br(1,0,0)-2(1)-C(2,0,0) Br
C(3,2,1¥2(1)-C(2,0,0)
Br(1,0,0)-3-C(3,2,1) 334
C(2,2,1)3-C(2,0,0) ~
C(2,2,1)3-C(2,0,0) T
C(3,2,1)2(1)-C(2,1,0) O
0(1,1,0y2(2)-C(2,1,0)
C(2,2,1)3-C(2,1,0) 309

C(2,2,1y3-C(2,1,0)
0(1,1,0¥3-C(3,2,1) AN

H

C
3 \O

|
,C
\

Br
O %
r
o]
E))

Table 6.16: Representation of the five largestgroups of partial RSVsfor the JMC2
data.The red lines indicate bonds broken in the reaction centre structurgWallace,
2015)
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There are a number ofgroups that have very few examplesin total, 4,355 reaction
centres exist that have only one listed example, all of which represent chemistry that is
unlikely to be included in a general purpose&le novoexperiment. These centres tend to
contain multiple functional groups involved in the transformation, or contain metal
ions in the key leaving groups. Some examples of these reaction centres are shown in
Figure 634. It should be noted that only 20 of the partial RSVs representingn or
more sequences have reaction centres that contain obscure metal ions or heavily

specialised structures.

0
— O
oo, 7@ e

Figure 6.34: Examples of reaction centresn JMC2for which only single partial RSVs
exist. (Wallace, 2015

The RSVs in IMC2 include all intermediate sequences. For example, a sequence of three
steps in length (RP R2° R3° R4) will produce six RSVs (RAR2, R1° R3, RP R4,

R20 R3, R2° R4, R® R4). This potentially biases the RS/ towards reactant
functionality that may not beuseful for sequencebasedde novodesign. For example,

the functionality could include protecting and deprotecting chemistry To determine f

this is an issue, the smaller IMC1 set was used for the same experiment, asdbés not
contain the intermediates. Looking at the frequency distribution, the same pattern
emerges of a heavy skew towards particular reaant functionalities as shown in kgure

6.35. However, a different set of partial RSVs dominates, as can be seen in Tablg 6.1
The loglog plot for this distribution (Figure 6.36) is also similartoOEA : EDAS O 1 Ax
seen previously, suggesting this more complete collection is similar to the reaction

databases in terms ofange offunctionality .
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Frequency distribution based on negative atom
pairs in RSVs
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R N W b OO O N ©
O O O O O o o o
1 1 1 1 1 1 1 J

o

O, A0 0 PO A0 0 P ® O A0 P ® O A P ®
AD® 420 a1 120 (X (S0 40 o o Ao s o o

RSV clusters

Figure 6.35: Partial fOANOAT AU AEOOOEAOOEIT AOOOA AAOAA

JMCildata set

Log-log plot of frequency distribution based
on negative atom pairs in RSVs
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Figure 6.36: Log-log plot of the frequency distribution AAOAA 11 OEA 0110
the JMC1data set
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Negative atom pairs
(duplicates indicate
multiple entries)

Number of
sequences
represented

Reactant
functionality
structure

Example
reactant

Example
product

0(2,0,012(1)-C(1,0,0)

0(2,0,012(1)-C(3,2,1)
C(3,2,1)3-C(1,0,0)
0(2,0,013-C(2,2,1)
0(2,0,013-C(2,2,1)

75

HyC
o

OH

O

C(3,2,1)2(1)-C(2,1,0)
0(1,1,0¥2(2)-C(2,1,0)
C(2,2,1}3-C(2,1,0)
C(2,2,1}3-C(2,1,0)
0(1,1,0¥3-C(3,2,1)

46

HO

0(1,0,02(1)-C(3,1,0)
0(1,0,0¥3-C(2,0,0)
0O(1,1,0¥3-0(1,0,0)

46

P!

H3C\

P

g

O,

C(2,2,0¥2(3)-C(1,2,0)
C(3,2,1}2(1)-C(2,2,0)
C(2,2,1}3-C(2,2,0)
C(2,2,1}3-C(2,2,0)
C(3,2,1)3-C(1,2,0)

40

O}
OH

O)ﬁ
CH

Br

C(3,2,1)2(1)-C(3,1,0)

0(1,0,0¥2(1)-C(3,1,0)

0(1,1,012(2)-C(3,1,0)
C(3,1,0¥3-C(2,2,1)
C(3,1,0¥3-C(2,2,1)
0(1,0,0¥3-C(3,2,1)
0(1,1,0¥3-C(3,2,1)
O(1,1,0¥3-0(1,0,0)

35

H
CH

oé o

6/N+\\o

,/N\\

Br
(@) (0]

Table 6.17: Representation of the five largesgroups of partial RSVsfor the JIMC1 data

The red lines indicatebonds broken in the reaction centrgWallace, 2015
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While four of the five most commonreaction centresare different from the IMC2 case,
small, simple structural featuresstill dominate for both the JIMC1 and JMC2 databases.
In fact, only 11 of thegroups containing more thanten sequences encode anything
other than aromatic specieswith carbonyl groups attached It should be noted that n
the JMC1 listwhile aromatic functionalities dominate, the presence ohon-aromatic
functionality within the five largest groups, suggest different characteristics between
the two network types. However, the JIMCL1 distribution is still highly skewed, with
8,246 of the 9,781 partial RSVsepresenting only one example.

Looking at thefirst random sample extracted from the US patent databasgrouping by
negative atom pairs gives/,767 groups in total, with 20 of theserepresenting over 100
sequences and 6,559groups only containing one sequenceThe frequency distribution
for this data set is shown in Figure &7, with a table of the most popular groups in
Table 618.

Frequency distribution based on
negative pairs in RSVs
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Figure 6.37: Partial frequency distribution curve based on the negative atom pairs in
the reaction sequence databaséor the first random sample extracted from the US

patent database.
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Negative atom pairs
(duplicates indicate
multiple entries)

Number of
sequences
represented

Reactant
functionality
structure

Example
reactant

Example product

N(2,0,1)-2(1)-C(2,0,1)
N(2,0,1)}-2(1)-C(2,0,1)
N(2,0,1)-3-C(2,0,1)
N(2,0,1)-3-C(2,0,1)

157

Iz

CH,

O,

O

H
Hs

0(1,0,0)2(1)-C(3,1,0)
O(1,0,0¥3-C(3,2,1)
0O(1,1,0¥3-0(1,0,0)

135

@
H
HOi/EO

HO 0

&

H;C 3

J\T
-

(o} O

C(2,0,0)2(1)-C(1,0,0)
C(2,0,0)2(1)-C(1,0,0)
C(2,0,0)2(1)-C(1,0,0)
Si(3,0,0)2(1)-C(2,0,0)
Si(3,0,012(1)-C(2,0,0)
Si(3,0,012(1)-C(2,0,0)
C(2,0,013-C(2,0,0)
C(2,0,013-C(2,0,0)
C(2,0,013-C(2,0,0)
Si(3,0,0)-3-C(1,0,0)
Si(3,0,0)3-C(1,0,0)
Si(3,0,0)3-C(1,0,0)
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CH, CH,

T3

H,C

N(1,0,0)%-2(1)-C(3,2,1)
N(1,0,0%-3-C(2,2,1)
N(1,0,0%-3-C(2,2,1)
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Br(1,0,0)-2(1)-C(3,2,1)
Br(1,0,0)-3-C(2,2,1)
Br(1,0,0)-3-C(2,2,1)

104

NH,

CH,

CH,

O=P —CH,

NH,

CH,

Table 6.18: Representation of the five largest groups of partial RSMer the first
random sample extracted from the US patentlatabase. The red lines indicatebonds

broken in the reaction centre structure(Wallace, 2015
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The most popular reactant functionalitiesin this set are vey similar to those seen in
JMC2, with small aromatic molecules, and simple structural featuréavoured. It should
be noted that the silyl molecule in thethird example in Table 6.18 is an example of one
of the issues with the network construction. On occasion, the identification of the
wrong molecule as the reactant or product leads to unusual partial RSVs being
associated with the sequences, and as such, unrelated sequences are gedutogether.
The preference for small aromatic moleculeds seen with the second patent data
collection, although there aresignificant differencesin the frequency distribution of the
negative pair groupings. As shown in Figure 88, the largest groupfrom the second set
is only one quarter of the size of the equivalent group in the first set, with 6,368 of the
7,541 reaction centre groupings only containing one stored exampléddditionally,
looking at the most popular groups for his set (as seen in Table 69) shows thatall of
the five most popular reaction centres are differenfrom the first collection, with the
Suzuki coupling reagents seen when analysing the individual reactions becoming
prominent once again In both patent sets however, significant portions of the

collection of sequences remain unused.

Frequency distribution based on

negative pairs in RSVs
160

140
120

Frequency

H

N (o] (o] o
o o o o

N
o

o

Figure 6.38: Partial frequency distribution curve based on thenegative atom pairs in
the reaction sequence database for the secordndom sample extracted from the US

patent database.
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Negative atom pairs
(duplicates indicate
multiple entries)

Number of
sequences
represented

Reactant
functionality
structure

Example reactant

Example product

N(2,0,1)-2(1)-C(2,0,1)
N(2,0,1)}-2(1)-C(2,0,1)
N(2,0,1)-3-C(2,0,1)
N(2,0,1)-3-C(2,0,1)
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Irz

H,C

O (0]

®

Q

N(1,0,0%-2(1)-C(3,2,1)
N(1,0,0%-3-C(2,2,1)
N(1,0,0%-3-C(2,2,1)

141

T

3

@)

%\
3

NH

0(1,0,0)2(1)-C(3,1,0)
0(1,0,0)3-C(3,2,1)
0(1,1,0)3-0(1,0,0)

112

HO 0]

.
o

o
CH,
d‘\“/\% 2
H
I

Br(1,0,0)-2(1)-C(3,2,1)
Br(1,0,0)-3-C(2,21)
Br(1,0,0)-3-C(2,21)

103

e

o

-/

3
C
N
N
H
2
(6]
CH
(0]
o

7

C(3,2,1)2(1)-B(3,0,0)

0(1,0,0y2(1)-B(3,0,0)

0(1,0,0y2(1)-B(3,0,0)
C(2,2,1)3-B(3,0,0)
C(2,2,1)3-B(3,0,0)
0(1,0,03-C(3,2,1)
0(1,0,0§3-C(3,2,1)
0(1,0,0$3-0(1,0,0)

104

OH

N

pe)

Table 6.19: Representation of the five largest groups of partial RSMer the second

random sample extracted from the US patent databaselhe red lines indicate bonds

broken in the reaction centre structure(Wallace, 2015
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6.4 Conclusions

In this chapter the reaction vector approach was extended to consider reaction
sequences from which RSVs were generated. The RSVs were then applied de aovo
design context.While there are fewer novelmoleculesproduced using RS\ compared

to applying RVs iteratively the advantages of speed and simplicityf RSVs make these
potentially useful for de novodesign.However,the disadvantage is the reduced number
and diversity of molecules producedThis reduction in diversity is also demonstrated
by the skewed distribution of the frequency of application of the RSVs and the limited
number of RSVs that are applicable to a giventsef starting materials. This was shown

to be the case for different sets of starting materials and different sources of RSVs. This
analysis also suggests that it may be possible to do some gapalysis of RV and RSV
collections to eliminate those that areunlikely to be useful and to avoid the over
representation of particular types of reaction. However this was not explored further

in this thesis. The next chapter compares the use of RSVs and RVs in a number of drug

design scenarios
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Chapter 7:
SAR Exploration with Reaction

Sequence Vectors

7.1 Introduction

This chapter explores the application of the RSV methods to various drug design
scenarios, including exploration of Structure Activity Relationship (SAR) information
and de novodesign in general. These methods include the identification of multiple
routes to the same product, and learning more about the interrelation between

reactions in the database for synthesis planning.

From a molecular design perspective, there are a number of different features that are
required to make the tool more effective to anedicinal chemist than simply providing a

report of the generated structures. Given that the tool is intended for use in compound
and synthetic route suggestion, the ability to visualise the alternate routes to generate

compounds and near analogues wouldéof significant benefit.

7.2 Alternate route identification

In Chapter 6, individual reactions were used to generate a reaction network (Chapter 5)
from which RSVs are extracted to use as part of a reaction transformation library. The
network may contain more than one route between a given start and end molecule,

however, given that the RSV generation ignores intermediate compounds, these will

collapse to a single RSV. As a consequence, such sequences will only be recorded in the

library once, albeitwith both sets of sequence identifier information. KNIMEBerthold

et al., 2009 code was written to retrieve the original reactions used to make the RSVs,
permitting a comparison of the different routes available. Figure 7.1 illustrates one

such examplejn which two routes from the same starting material (green) to the same

product (red) can be compared.
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(o] (o]

Br—Br

Pd/C

Figure 7.1: lllustration of multiple routes to the same product(Wallace, 2015

For a more complete SAR exploration, additional processes are required to expand
upon the stored sequences to fully exploit the stored knowledge. In the next $en, the
separate processes used to analyse the data will be considered in turn, followed by a

case study of an SAR evaluation.

7.3 SAR proof of concept

When a lead compound is identified as part of a screening programme, a period of fine
tuning and optimisation is required to determine how to improve its efficacy and
physico-chemical property profile. The usual method for achieving this is to generate as
many analogues as possible, with different functionality in key areas, and screen each
of these n turn (known as a structure-activity relationship evaluation, or SAR
evaluation). An illustration of such an evaluation for a relatively simple molecule is
given in Figure 7.2, which shows how many different points of interest may be utilised

in any givencase.
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3-Ph, -EtNH,, CO,H Cl—tolerated

CH;CO,H, CH,CO,Et, OBn, CO,H - inactive

Imidazole, all inactive Rapid drop off in activity

H>F>0H>Cl>Me

Inactive Br,OCF;, CN, OAlkyl,

2-3 Fused Systems/Cyclisation of OBn, Amidine

carboxyl inactive
5-6 Bis-diol weakly active
Cl—weakly active

MeO - inactive

Carboxyl homologationinactive

6-7 Fused Pyridyl inactive
7-Aryl substitution, CO,H
inactive

N-Alkylation, Heteroatom
substitution, N-Aryl all
inactive

Figure 7.2: A systematic SAR evaluation for a simple drugike molecule. (Wallace,
2015)

The structure generation program developed in this project is ideally suited to such an
exploration, as it can be configured t@ystematically transform a starting molecule into
all possible products, based on a knowledge base of reactions andcton sequences.
Consequently, the generated products will represent compounds that can be generated
in one or more synthetic steps and will therefore provide a much more exhaustive SAR
exploration than traditional approaches, which consider a single redion step only. The
RSVs encode mulistep reactions that can be used to extend the potential range of
chemistry coveredrelative to RVs Depending on the desired usage, a simple filtration
of the products can then be used to highlight those molecules ioterest, such as those
that are structurally similar to a known active compound, at which point further

investigations of their syntheses can be carried out.

7.3.1 SAR exploration example 1 z cilomilast synthesis

In order to determine the usefulness of the RSV algorithm for SAR evaluation, the
reactions taken from the JMC2 databaseere augmented with additional SAR data. The
SAR data consists of reactions collated from the SAR papers described in Section 5.2.1,
using the method reported by Roughley and Jordaf2011). By combining the two sets

of reactions together and forming a network as in &tion 5.4, a data set was produced

OEAO &I AOOOGAO 11 AOOC AEOAT OAOU AEAI EOOOU
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merged there are 26,235 reactions in total. The network generated from this database
produced 125,787 unique RSVs including all intermediatpathways, with an average
length of 5.06 steps (shown in Figure 7.3, with the full data recorded in Table 7.8s
all intermediate sequencesfound in the network are included in this collection, the
number of RSVs greatly exceexthe number of reactions(as explained in Chapter 5, a
sequence of three steps in length (FRLRZ20 R3° R4) will produce six RSVs (RAR2,
R1° R3, RP R4, R®? R3,R2° R4, R® R4)). As with other collections of reactions from
literature, relatively short sequences are more commonas thepreparation steps are

excised

Frequency Plot of Reaction Sequence Size for J.

Med. Chem. Reactions
16000 -

14000 -
12000 -
10000 -
8000 -
6000 -
4000 -
2000

Number of sequences

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Number of steps in sequence

Figure 7.3: Frequency plot of reaction sequence size for the population
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Number of steps Number of
sequences

1 26235
2 8413
3 9333
4 12249
5 14168
6 14208
7 12549
8 10803
9 7241
10 4300
11 2628
12 1542
13 880

14 464

15 372

16 190

17 197

18 15

Table7.1: Table of the full sequence summary.

A simple drug design sequence that forms part of the collection of reactions in the
JMCRoughley database was used as a proof of concept of SAR exploration. The aim was

to use the library of RSVs associated with the database to explore structures that can b

generated from the known starting material used to synthesise the antisthma

AT i BT OT A AEITIEI AOGOh AO DOAI EOEAA EI , AAT E
methods (Lednicer, 2007 and illustrated in Figure 7.4.
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Figure 7 4: Literature synthesis route to cilomilast.(Lednicer, 2007

The original starting material (highlighted in green in Figure 7.4) was used with the
JMCRoughley database dRSVs, using the structure generation tool. In total, 4,030
products were generated, in addition to cilomilast itself, due to the application of
several RSVs in the database. The products were then filtered on 0.8 Tanimoto 2D
structural similarity to cilomilast using the Indigo structural fingerprints (EPAM Life
Science$. After filtering seven molecules remained, fourof which were not found
within the original literature sequences. These near neighbour molecules (shown in
Figure 7.5) are intended to provide structural novelty, while remaining sufficiently
similar to the original product to be considered worthwhile to study. The molecule
shaded in red is the original product, while those shaded in blue are intermediates in

the literature route to cilomilast. The unshaded molecules represent novel products.
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including some molecules from the literature route (blue)(Wallace, 2015

By referring to the identifiers associated with the sequences used to generate the near
neighbours, potential synthetic routes can be retrieved. The various synthetic routes

used are illustrated in a spider diagram in Figre 7.6, taking the original starting

material as a start point. The literature route to cilomilast (highlighted in red) is shown

with black arrows, with the other routes indicated by colour coded arrows originating

from the starting material (green).

159



] ?@g -3
F Rt S S

e é

Figure 7.6: Spider diagram showing the routes to the near neighbours of cilomilast.
(Wallace, 2015

While the original literature route is indeed detected and represented (black arrows), it
is interesting to note that the various new analogues are produced from much shorter
sequences, with the novel products proving to be very accessible from a synthetic

standpoint.

7.3.2 SAR exploration example 2 z hydroxamates

Another example is based on a literature study involving the generation of 15
hydroxamates(Bailey et al., 2008 through R group modification. These compounds are
of particular interest for topical applications to treat fibroplasia, a condition in which
excessive fibrous tissue forms near wounds or infection sites. The mechanism of action
is to intervene with the mechanism of collagen produébn and deposition by binding to

procollagen CGproteinase (PCP), preventing these excessive tissues from forming.
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7.3.2.1 Structure generation

The original literature route is shown in Figure 7.7, with the starting material in green,
and the 15 literature products shown in Figure 7.8. This starting material was used as

input to the structure generation tool, using the JMCRoughley RSVs as before.

O CHy

X,

HaC

Figure 7.7: Generic literature route to hydroxamates based on the published starting
material (green). (Bailey et al., 2003

R N—o

R groups

U Y | O

CH,

O Y

CH;

I
[e]
*_24/_<O
I
z

H,C CH, H
A I G e ?
* HN | _CHs _CH,

* *

Figure 7.8: The hydroxamate products generated in the original literature.(* indicates

attachment point) (Bailey et al., 2003
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In total, 1,514 unique products were generated. The results were filtered by similarity
to the originally reported product molecules as before. In total 23 near neighbour
molecules (having a Tanimoto coefficient value between 0.99 and 0.8 relative to at least
one of the products) were generated, with 14 unique molecules left after filtering for
duplicates. These near neighbour products are summarised in Figure 7.9. It should be
noted that the main structural difference between these compounds and the literature
products is achange to the structural scaffold (highlighted), withall but one of the R

substituents beingidentical to those represented in Figure 7.8.

R>/<N\: 0
Q N H
H3C><O\H/é
H,C on, U
R groups
o CHj;
SHSINGRNSREUNRN
N N N [j CH NH
! | | \ N |

CH;

HO\EO
NH
*
CH,
: \ H,C CH H O
NH 3 3 N
2 \N/ H,C—N— S H3C/H
NH
*

Figure 799, . Ax O. AAO . AECEAIT 008 DOl AGAOO DOl AGAAA

tool.(* indicates attachment point) (Wallace, 2015

The 14 near neighbours, along with the reaction pathways used to generate them, could
be of significant interest to the medicinal chemist. This is because they represent
potentially interesting areas of SAR space near the published analogues that have not
been fuly explored. A literature search for the near neighbours in SciFindg/Chemical
Abstract Service$ reveals thateight of these compounds have literature refeences to a
patent granted to the authors of the original study related to this activity class, and can
therefore be considered as potential treatments for fibroplasia. However, no activity

information is recorded for these compounds specifically as theselack the zinc
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chelating hydroxamic acid group needed to be effectivd he remaining six compounds
are not in SciFinder, nor are they referenced as part of the generic hydroxamate
structure in the original paper and so there is no evidence that the compods have
been tested for therapeutic activity. Thus, th&e novotool has identified analogues that
are relatively similar in structure to the compounds with known activity, but without
such activity themselves.Lowering the similarity threshold to 0.3 shows that one
compound containinga hydroxamate derivative groupis generatedby the de novotool,
(shown in Figure 7.10)but this otherwise bears no relationship to any of the original
literature examples, lacking any aromatic characterin addition, a large number of
compounds are presentin the expanded data sewith carboxylic acid groups that can
weakly bind with the zinc ion, ut the expected activity of these is considerably lower
than those already reported.lt should also be noted that there may be issues with the
synthesis of these molecules, in that the ester group in the structural scaffolgdould

need to beprotected first to permit functionalisation of the esterbearing the R group

~o
0 N
\CH3
o o
CH
H3C~—\" 3
CH,

Figure 7.10: Structure produced that contains a hydroxamic acid group for zinc

chelation. Similarity coefficient to the literature hydroxamates is0.352 (Wallace, 2015

In this context, the more analogues of a particular compound that are produced, the
more likely it is that an SAR relationship can be found that enablesdtkey properties of
the drug to be optimised. As a result, any synthesisable molecule that is similar, but not
identical, to a given start point is worth studying.However, since there may be very
large numbers of these depending on the structures involvedadditional filtration of
these may be required, such as looking for the presence of key substructures, or
consideration of thar likely interactions with the site of interest. In the next section, the

ways in which these types ofesult molecules can be studied will be explored.
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7.3.2.2 Molecule PCA analysis

In order to determine how the near neighbours are related to one another and to the
literature compounds in property space, a Principal Component Analysis (PCA\bdi
and Williams, 2010 was performed based on parameters generated by the Chemistry
Development Kit (CDK)(Steinbeck et al., 2008 As these parametersnclude 3D
structural features, conformations were generated using the CDK tools, which include a
force field based model builder. The PCA method aims to simplify the description of a
complex data set by visualising the similarities and differences betweedata points
graphically. This is achieved through the conversion of a set of descriptors into a
smaller set of principal components that are linear combinations of the original
descriptors. The full set of topological parameters available through CDK weresed
(such as the distances between carbon, nitrogen and oxygen atoms in the molecule, the
nature of carbon hybridisation states, and measures of charge and polarisability). In
addition, in order to assess shape similarity (for receptor binding, or other imilar
activity models), a number of geometric parameters were also included, such as the
moments of inertia for the molecules in free space. A complete list of the descriptors
used is given in AppendixB. The combination of descriptors is performed in sch a way
that each principal component is independent and orthogonal to the others. The
molecules are plotted in a 3D space that is constructed using the first three principal
components. The molecules are then displayed as 3D conformers using the CheS
Mapper (Gutlein et al., 2012 PCA tool available in KNIME, which automates the whole
PCA process. This plot can then be navigated as a real time 3D visualisation, with the

molecule representations given colour coding based on the 2D similarity values.

Figure 7.11 shows a 3D PCA plot of the literature hydroxamate molecules and the near
neighbours generated using RSVs. The plot is coloured according to the structure
similarity values, with yellow molecules representing the literature products, red
molecules representing those generated molecules within 0.8 Tanimoto similarity of at
least one literature product (based on the same Indigo structural fingerprints as

before), and blue molecules representing the remainder of the products generated.
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Original compounds
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2"V .AII other products
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Figure 7.11: 3D PCA plot of the generated hydroxamates and associated products.
(Bailey et al., 2008Wallace, 2015

The figure shows that a very large number of molecules has been generated covering a
wide area of topological space. Figure I2 shows only those molecules that are within
the 0.8 Tanimoto similarity range calculated previously based on the literature
products, while Figure 713 shows an expansion of the area around the known
products, showing all generated molecules in the immediate vicinity.

¥

Legend

Original compounds

. Near neighbours

Figure 7.12: 3D PCA ploof the generated hydroxamates and near neighbour¢Bailey
et al., 2008 Wallace,2015)
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Legend

Original compounds

Near neighbours

All other products

Figure 7.13: Expanded 3D PCA plot showing the relationship between the generated
hydroxamates, near neighbours and other productgBailey et al., 2008Wallace,2015)

Looking at the yellow molecules alone, it can be seen that large areas of the PCA space
are underrepresented. Adding in thenear neighbours helps to fill in these gaps, and
offers some new ideas that the medicinal chemists may want to evaluate. The blue
molecules on the other hand represent molecules that may be close in descriptor space,
but more distant in terms of Tanimoto $milarity, as illustrated in Figure 7.12. These

examples could also be worth investigating, in terms of potential scaffold hopping.
7.3.2.3 Expanding the reaction network

The molecules generated thus far are the result of applying RSVs to a known starting
material. While this can lead to some exploration of SAR space, as shown in Chapter 6,
RSVs limit the number of molecules that can be generated compared to application of
the individual RVs that represent each step in a sequence. Further exploration of the
SAR space and additional synthetic routes can be identified by extracting the individual
RVs expanding out from a selection of the routes identified by the RSVs. The result is a
more generalised set of reaction steps, which can be used to provide moredmhation

on the intermediate reactions that could occur between different pathways.
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It is first necessary to retrieve the reaction sequences for the relevant RSVs used to
generate the products. From these sequences, it is possible to obtain the individual
reaction steps, and generate RVs from these. As a complete enumeration of products
from each step is required, all of the components of each relevant reaction (including
reactants, reagents and products) are placed into a communal molecule pool. These are
then used as starting materials for the structure generation process, increasing the

chemistry spacerepresented by the network.

Stored reaction

NH,
(¢] o
o g
~
o M o
() [¢]
CH,
CHy

o] CH,

CHj H,C

Full reaction with reagents

[¢]

NH,
o ! o
HO ) CH, J
/ N
o o H,yC o
+ —_— 3 + H,0
o /N_ o
CHy HO NH,
CcH
o+ o>< 3

CH,
3 H;C

Molecule pool

(o]
CH
A
'CH
3
H,C

Figure 7.14: Examples of the different reaction and reagent types collecte(Bailey et

al., 2008 Wallace,2015)

The collected RVs are then applied to the starting materials with the generated

products forming the starting materials for the next reaction step and so on, until the
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sequence is completed. This process is then repeated for all sequences used to generate
products of interest, until every molecule (starting material or product) has been used
with every RV. The four key steps of the process are shown in the flowchart, given in
Figure 7.14. As in Section 6.3.3, by using the individual steps rather than justet
sequence as a whole, more information about side products and intermediates is
collected. This effectively creates an expansion of the network in the region of these

sequences, as seen in Figure 7.15.

Find sequences Generate Apply RVs to_ all
used to make molecules in

i molecule pool . Generate
products, and X L pool iteratively e
from starting - reaction

collect the S untill all e
.. materials, . . network from
individual RVs o » reactions and R

X reagents and i results
for each > " sequences are
products )
sequence covered.

W C

Figure 7.16: lllustration of an expanded reaction network All routes leading to MOL2, 3

and 4 are shown, although in reality other endpoints may exist.
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Figure 7.15 shows the expansion from a single start point (MOL1) via three separate
sequences. The blue edges and nodes represent the molecules produced from the
stored RSVs, labelled as MOL2, MOL3 and MOL4. However, if the relevant RVs are used
instead of the RSVs, additional molecules are generated (represented by the red nodes
and edges). In this limited example, the addition of intermediates enables the disay

of two routes between MOL1 and MOL4 for review. As well as the expected route
derived from RSV3 (RV5 and RV6), a combination of RV3 and RV2 also produces the
same result. This latter route is only discovered when including RVs and intermediates

in the network.

Figure 7.16 shows an expanded network based on the hydroxamate synthesis which
can be used to identify different synthetic routes and other interesting compounds. In

this case, the individual highlight boxes represent starting materials which calpe used

to generate the desired products, the green box representing the literature starting

material, and the yellow box representing an alternative starting material. These

materials are then shown with the routes used to generate the desired products

(highlighted in red).
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Literature
starting
material =

Figure 7.17: lllustration of interconnected routes found by expanding the RSV network
to include RVs. The red arrows show the starbf an alternative route via different
starting material. (Wallace, 2015

As can be seen in Figure 7.16, the individual paths through the network constitute
sequences. The small size of this network enables the synthetic paths to be visualised

by embedding the 2D structures for the molecules on the nodes. This is implemented

wit hin KNIME using the Prefuse graph librarfHeer & al., 2005, and can be used with

any KNIME network data. The method permits the user to select individual sequences

or groups of sequences for expansion. Once the image is created, it is possible to zoom

in on key areas of the network, and focus oregions a certain number of reaction steps

away from a given molecule, giving a greater ability to interact with the presented data.

This makes the approach more useful from a medicinal chemistry standpoint, as these
smaller, more detailed network views carbe used as part of a synthesis planning step,
showing all of the possible products formed from a given start point, as well as any
alternative pathways.) T OEA A@GAi 1 A0 ET &ECOOA x8poh
i AOAOEAT 06 AOA AA OfalAand rblageiBrdm tieQieat@r& foge. | AOA

However, the expansion approach shows that the reagent in yellow can be used as part
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of a route proceeding through different intermediates and using different reactions,

making it interesting in its own right.

This expansion method also highlightsa further use case for the approach, where the
different vector methods can be used to highlight the best routes to particular products,
effectively using RSVdor initial sampling, before reviewing the relevant RVs irmore

detail. This would also highlight any potential competing side reactions that can cause

problems with synthesis.

7.3.3 SAR exploration example 3 z biaryl carboxamides

A third application was investigated, extracted from a paper outlining the synthesis of
biaryl carboxamides as agonists for motillin receptors(Westaway et al., 2008
Regulating motillin binding is integral to the treatment of gastroparesis, where
digestion of food isdelayed due to partial paralysis of the stomach. The literature
synthetic route for these compounds is outlined in Figure 7.17, and the reported
literature products shown in Figure 7.18. The starting material (highlighted in green in
Figure 7.17) and the MICRoughley set of RSVs produces a set of 48 molecules after
removal of the literature products, which are shown in Figure 7.19. In this case, the new
molecules are not dramatically different from the originally reported products, with

some representing newcombinations of existing R1 and R2 groups.

R|1 R1
|
H;C\[Nj/CHJ H;C\[Nj/CHg Hsc\[Nj/CHa
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T
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o o

Figure 7.18: General scheme for the synthesis of carboxamidgsVestaway et al., 2008

171



H.C CH, O
Rl = HJC><OJS<H
o *
R2 groups
o o ¥ o “ o
AN
~ *\N)k/ © VA / o
| O N | HC Fopne
oH O/ CH, .
o o o CH,
)k/ )j\/o * g *
* S *
Sy \T \N L| \N CH,
rlsHa CH, H3C/ o H3C/ I}
H
R1 = AN
x
R2 groups
CHs
*,
\N4<_<
CH;,
ch/ o

Figure 7.19: Reported literature products generated from the carboxamide literature

route. (* indicates attachment point) (Westaway et al., 2008
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generation tool from the carboxamide route (* indicates attachment point) (Wallace,

2015)
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In this case, as the number of generated products is relatively small (48 in total), it is

not necessary to filter the structures by similarity before generating a PCA plot as seen

in Figure 7.20.
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Figure 7.21: PCA analysis of the products of the carboxamide sequenc@d/estaway et
al.,2008, Wallace, 2015

Using the same topological and geometric parameters as in the previous PCA plots
shows the similrity in properties between the near neighbours and the original
products, with the near neighbours overlapping the original compounds in property
space far less than in the previous example. While the set of molecules generated is
relatively small compared to the hydroxamate example, those that are close to the
reported carboxamides still provide interest for further study. As before, the blue
molecules in Figure 7.20 indicate compounds that may not be obvious to researchers,
but are sufficiently similar in property and three-dimensional space to be valuable

potential targets. Some examples of these are shown in Figure 7.21.
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Figure 7.22: Examples of products from the carboxamide route that are outside of the

similarity threshold but are of interest. (* indicates attachment point) (Wallace, 2015
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A similarity search for the near neighbour molecules within the SciFinder database
returns no references outside of the original paper, suggesting that these compounds

are yet to be evaluated for activity.

7.3.4 SARexploration example 4 z substituted alkynes

In order to further test the network approach, a fourth test set was produced, from a
reaction sequence used to provide functionalised alkynes as feedstock forsdlfamoyl
pyrroles used in statin synthesis(Park et al., 200§. The generic scheme for the
synthesis is shown in Figure 7.22, with the literature compounds summarised in Figure
7.23.

O O (0] 0]
N\ - W
7\ H.C N—R1—R2
H,e”  Cl 3
0 o 0
R2 N7
0
I /R( — NN —RI—R2
R3 — Ss—NA
l -

Figure 7.23: Generic route to 4sulfamoyl alkynes (Park et al., 2008
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Figure 7.24: Reported alkyne products generated from the literature route(* indicates
attachment point) (Park et al., 2003
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