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Chapter 1 Introduction

Chapter 1

Introduction

In this first chapter, the disciplines of bioinformatics and chem(o)informatics are
introduced. These fields serve to manage and analyse biological and chemical information.
Several features between the two overlap, although each discipline also knows many specific
methods. We will then discuss how the two disciplines contribute to the general aim of the
thesis. This aim is to further develop and employ methods from computer science for a better
understanding of the biological and chemical causes of adverse effects in man, such as toxic

effects that are introduced by genetic variants or potential drugs.
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The title of this thesis overlaps with two multi-disciplinary scientific disciplines:
bioinformatics and chem(o)informatics. In this first chapter, we will introduce both
disciplines. Many definitions exist for either bio- or chem(o)informatics. In general,
bioinformatics encompasses the research, development, or application of computational
approaches to manage or analyse biological information. Similarly, cheminformatics, or
chemoinformatics, covers the research, development, or application of computational
approaches to manage or analyse chemical information. Though these disciplines have grown
considerably over the last years to become very broad, the need for new and accurate
computational methods grows even faster. In this chapter, we will discuss the general aims
and origins of these disciplines, conceptually compare them, and select topics that warrant
further research.

General aims of the disciplines

Despite near-identical definitions, the goals of the two fields appear different. The
most commonly analysed entities of either field are biological sequences in bioinformatics
and chemical compounds in cheminformatics. One of the popular aims of bioinformatics
analyses is to elucidate the biological function of newly detected sequences of genes or
proteins. Another, related aim is to identify which genes, or genetic variants, affect observed
phenotypes or respond to environmental changes. The engineering of proteins towards
particular biological effects is, interestingly, only a minor field in bioinformatics, where little
attention is paid to hypothetical sequences. Rather, the many sequences and sequence
mutations that occur in a variety of organisms are studied to further understand their impact
on biological processes. In contrast, cheminformatics efforts have hardly focused on the
biological effects of compounds, such as natural products, that surround us. Even the detailed
effects of the thousands of compounds that we digest through our food receive relatively little
attention. Instead, the ultimate aim of cheminformatics is to engineer novel chemical
structures that show a combination of desirable effects, such as drugs with their effects on
health. Cheminformatics-based predictions are therefore often made for virtual, hypothetical
compounds that have not (yet) been bought or synthesised.

The aims of the disciplines are nevertheless complementary for several purposes. For
one, both can aid our understanding of adverse biological effects like diseases, with the
ultimate goal to prevent or cure them. The discovery process of new pharmaceuticals is the
clearest example where bioinformatics and cheminformatics are used in concert'. Once
disease-related functions of one or more proteins have been elucidated by experimental means
and the aid of bioinformatics, a search can start for chemicals that bind these proteins and

intervene with their biological effects, now with the aid of cheminformatics.
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Origins of bioinformatics

Bioinformatics - terminology
The term bioinformatics was first introduced in 1988 by Paulien Hogeweg , who

2 Around

published the term to describe “the study of informatic processes in biotic systems
that time, Hwa Lim also proposed bioinformatics as “a collective term for data compilation,
organisation, analysis and dissemination”, although no publication exists to confirm this
claim. Irrespective of who first defined the word, researchers were already performing
bioinformatics, with a particular focus on sequence analysis. For most applications, proteins
and genes are concisely represented by their sequence through a string of single letter codes
for their nucleotides or amino acids, as depicted in Figure 1.1. Though a protein in its
biological environment is much more than its sequence alone as they are mostly large and
complex molecules of particular shapes, the value of sequence information in bioinformatics
is well-established’, and relatively cheap to determine.
Bioinformatics - algorithms
Well before the introduction of the term bioinformatics, algorithms by Needleman and

Wunsch? and software” by Staden were already developed in the 1970’s to represent, analyse
and compare biological sequences. In 1981,

e : 1 ALPAVNTS.GFTPQR
Doolittle” first recognised the concept that a small 2 ALPGTNASAGFNGOR
part of a protein sequence, called a sequence motif, 3 .LPGTNTTGGFTNQR

could have functional importance: motifs can

Figure 1.1.

Alignment of three short

those that interact with proteins or small molecules.  hypothetical amino acid sequences.
In the same year, Smith and Waterman proposed A N-X-S/T-motif is shown in bold
in each sequence. This motif finds
sites for potential N-glycosylation.
Where N identifies only asparagine,
breakthrough in the field of bioinformatics was the X stands for any amino acid and

development in 1990 of a fast algorithm for the S/T identifies either serine or
threonine.

recognise sites of biological importance, such as

their algorithm for the comparison and alignment of

multiple  sequences’.  Another  algorithmic

pair-wise alignment of a new sequence to a large
database of sequences by Altschul et al.®
Bioinformatics - databases

Many types of biological data have been determined over the years. Remarkably, the
first collection of biological data that was successful enough to become the standard online
resource contained a very complex type of biological information. In 1971, the Protein Data
Bank was initiated to contain three-dimensional structures of biological macromolecules like
peptides or proteins, sometimes in the presence of a small molecule (e.g., an enzyme
inhibitor) or a piece of DNA’. In the 1980’s, DNA sequences began to be stored and publicly

distributed via the Entrez databases Nucleotide and GenBank'’. Protein sequences were
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similarly stored in the manually curated Swiss-Prot database that originated in 1991'". When
the value of such databases for future research was well established, scientific journals started
to require online submission of structures or sequences to these databases prior to publication.
In the 1990°s, disease-related and naturally occurring mutations in genetic sequences were
beginning to be deposited in OMIM'? and dbSNP', respectively. From the year 2000, other
databases were developed to contain new additional biological data, such as gene
functionality'® and gene and protein expression profiles'. All these biological data are
currently available at a large scale thanks to the development of the internet and the ‘free
data’ mentality of the researchers in the field.

Numerous efforts in terms of algorithms and databases have broadened the definition
of bioinformatics such that it has become an umbrella term for almost any computational
method that involves biological information. By now, scientific articles that are related to
bioinformatics account for a significant fraction, about 2%, of all papers in the biomedical
literature from the PubMed database'.

Origins of cheminformatics

Cheminformatics - terminology

As late as in 1998, Brown was the first to define the term chemoinformatics. He
stated: “The use of information technology and management has become a critical part of the
drug discovery process. Chemoinformatics is the mixing of those information resources to
transform data into information and information into knowledge for the intended purpose of
making better decisions faster in the area of drug lead identification and organization.”'”. The
word cheminformatics also rapidly appeared to identify the same field'®. Currently, equal
amounts of papers in PubMed use one word or the other (cheminformatics vs
chemoinformatics). A Google search shows that cheminformatics is over 50% more popular
and therefore we will use this term in the remainder of the thesis. Numerous chemical
principles that were later incorporated in cheminformatics methods had been around for a
long time before computers were invented. For one, Crum-Brown and Fraser concluded in
1863 that the physiological actions of compounds were related to their chemical
constitution'’. In the 1930’s, also before computers were available, Hammett developed
parameters that enabled him to mathematically model rates of chemical reactions™. As was
the case with bioinformatics, researchers were already using computers to store and process
chemical information long before the term cheminformatics was coined, even as early as the

1950’s, as will be discussed below'®,
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Cheminformatics - representation

In  cheminformatics, the input O _OH
examples are mostly chemical structures.
Computers can consider compounds as 2) O\H/
mathematical graphs that consist of atom o

types (C, N, etc.) which are connected by

single, double or triple bonds*' such that b) 0=C(0) cleceeelOl (=0) ¢

branched and cyclic shapes occur in a  Figure 1.2.

Molecular structure (a) and SMILES

) notation (b) of aspirin, with its carboxylic
notations  were developed to represent  4cid substructure in bold. Each letter in

chemical structures even before they were the SMILES notation represents a heavy

used by computers. The oldest of these is the ~ 20m, where capital and small letters
signify aliphatic and aromatic atoms. In a

WLN (Wiswesser Line Notation), of which  qy1Es string, subsequently placed
the initial version was developed in 1949,  atoms are connected via single/aromatic

Amongst the other linear notations that bonds, as are the two aromatic carbons

18 ) ) that are labelled with 1. By following the
followed ™, the SMILES (Simplified atoms in a SMILES string, the whole

Molecular Input Line Entry Specification) molecular structure can be traversed.

notation, which was developed in 1988 by

chemical structure. Linear, single-line

Weininger™, is now the most widely used linear notation. With the use of computers to
mathematically represent compounds as graphs>’, new formats were developed to readily
depict structure diagrams of the chemical structure. The example in Figure 1.2 shows a
traditional two-dimensional structure diagram of the chemical structure of caffeine (a), and its
SMILES notation (b), both without explicit hydrogens. These representation formats could,
moreover, contain three-dimensional information to capture a particular conformation of a
compound, thus further standardising the representation of chemicals.
Cheminformatics - algorithms

One of the earliest, ground-breaking algorithmic uses of computers to analyse
chemical structures was to perform substructure searches, that is, to find compounds that
posses a particular predefined substructure through an algorithm from graph theory that was
already developed in 1957%. A substructure can be any part of a molecule, varying from a
single atom to a linked combination of atoms. Halfway in the 1960’s, Hansch, et al. used
Hammett’s parameters to computationally relate the biological activity to the chemical
structures of a series of closely related compounds by deriving (Quantitative) structure-
activity relationships ((0)SARs)*>?’, a popular research line for pharmaceutical companies®®.
In 1965, Morgan of the Chemical Abstracts Service (CAS) corrected and broadened an
algorithm proposed by Gluck to generate unique machine descriptions of chemical structures,

which is useful for cleaning chemical databases and rapid performing full structure
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searches®. In 1969, an automated method was proposed for the comparison of a compound
with an arbitrary set of compounds via a process called similarity searching®. In the 1970’s,
the first method originated to assign values for biological activities to substructures’'. In the
1980’s, computational advances by Willett et al. in three-dimensional queries enabled so-
called pharmacophore searching, which searched a database of compounds for those that
contained predefined electronic and steric effects in a particular orientation®”. Also in the
1980’s, Klopman and Rosenkranz initiated the first form of substructure mining by
computing all linear substructures from a set of chemicals that possessed a toxic activity
called mutagenicity, that is, reactivity towards human DNA™. Over time, these algorithms
and many others have been significantly enhanced to more rapidly analyse larger datasets and
to consider more detailed chemical information.
Cheminformatics - databases

Many types of chemical data have been determined and stored. In the 1950’s, the
Chemical Abstracts Service’® was one of the first to store two-dimensional chemical
structures of published chemicals in their commercial database. Another commercially
distributed database, called the Cambridge Structural Database, was developed to contain
three-dimensional crystal structures of conformations of compounds and it was developed in
1965%. As already noted, the Protein Data Bank started in 1970’s with structures of peptides
and proteins and compounds that were bound to them was made publicly available’. Many
chemical databases were digitalised in the 1980°s such that their chemical structures could be
searched by a computer. Examples are databases that store chemical reactions®®, the Beilstein
database with facts from the scientific literature’ and patent databases with (series of)
chemicals®™. In 1997, the National Cancer Institute built and publicly distributed their
database with compounds a associated biological anti-tumor data *°, which was the largest
freely available database for almost a decade. Only very recently did PubChem become the
largest source of chemical structures*’, many of which have data on a number of biological
activities. A larger freely available database of around 3 million chemical structures, but
without biological activities, was the recently developed ZINC database (ZINC Is Not
Commercial)*'.

Progress in algorithms and databases has also extended the term cheminformatics such
that it now encompasses numerous computational methods that involve chemical information.
As a result, Gasteiger and Engel recently defined it as “the application of informatics methods

to solve chemical problems™".

Overlaps between bioinformatics and cheminformatics
Overlap exists between the two disciplines. Both cheminformatics and bioinformatics

have two sides: a theoretical one that aims to invent or advance underlying algorithms and an
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applied side that aims to enhance the interpretation and knowledge discovery of
experimentalists by using existing methods.

Both disciplines can involve the use of data from robotised experiments or other
sources to design, construct and clean new databases. Databases can be built to facilitate
electronic access to their content, and thus facilitate searches. As the amount of data grows, so
does the expectation that they can be used to extend upon existing knowledge, for instance,
via a process called data mining**.

During data mining, databases are analysed computationally for the purposes of
searching for examples that are similar to a starting example, clustering related examples
and/or extracting relationships such as those between simple properties of the studied
examples and their complex biological effects. Data mining is particularly useful in the
analysis of large databases as they can be difficult to comprehend manually. A general aim of
data mining is to find a workable set of potentially novel relationships that are causal
(predictive), accurate and understandable. The extracted relationships can be used to make
educated guesses for the biological effects of new test cases. Given a set of sequences or
compounds, that do and do not possess a particular biological activity, the simplest result of a
data mining campaign would be a motif or substructure that is responsible for the activity. On
the other hand, a result of a data mining study can also be an abstract mathematical model that
can distinguish between active and inactive examples, but that does not provide any insight
into the underlying causes.

Cheminformatics or bioinformatics can give or refine hypotheses, but they will never
give definitive answers for untested compounds or sequences: experiments are always needed
to validate the suggested hypotheses and predictions. This is why data mining algorithms
should not only derive a method that is predictive, but they should also derive relationships
that are interpretable to chemists/biologists. They are the ones that need to be convinced as to
why they should perform the suggested chemical or biological research instead of pursuing
their own plans. While theoreticians may prefer the most ‘accurate’ method, experimentalists
may prefer intuitive methods that give interpretable and workable relationships, also at a cost
in accuracy. One prerequisite for deriving such interpretable relationships is that the examples
(compounds or sequences) are represented by descriptors, or features, that are meaningful. In
both disciplines, the value of computational methods lies in the derivation of causal
relationships between intuitive descriptors and biological effects, that is, between simple
causes and complex effects. These relationships can then prioritise resource-intensive

experiments and thereby increase efficiency of hypothesis-driven research.
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Differences between bioinformatics and cheminformatics

Numerous data mining techniques and statistical tests are useful to both disciplines,
but only if these methods are not data-specific. However, most approaches in bioinformatics
and cheminformatics are just that: data-specific. This difference results from how examples
(such as sequences or chemical structures) are represented by descriptors, often also called
properties or patterns. Such a representation is needed before data mining techniques can
detect which of these descriptors relate to biological activity. These descriptors should be able
to highlight chemical or biological similarities between the examples. The similarity
principle® states that examples are more likely to exert similar biological effects it they are
more similar in terms of their descriptors. In general, data mining methods assume that these
descriptors are independent of each other. If, however, the order between the descriptors is
important, non-standard techniques are needed. This will be explained in the following
paragraphs.

In cheminformatics, compounds can also be represented via simple, computable
descriptors, such as molecular weight, the number of rings and the number of atoms of each
type. However, such a description is, of course, a considerable simplification compared to the
two-dimensional chemical structure that connects atoms via bonds. Such simple descriptors
are therefore not always relevant for biological activity. In addition, to describe the effects of
compounds experimental values can be determined or even predicted at relatively low cost,
such as the common quantification of hydrophobicity, /ogP. Chemical structures can,
moreover, be analysed directly by determining which substructures they contain. The
presence or absence of a substructure can also be regarded as a descriptor. A catalogue exists
of over a thousand types of categorical and/or numerical descriptors*, many of which are not
intuitive to chemists, let alone relevant for biological activity. Each compound can thus be
represented as a - possibly arbitrary - set of values for these descriptors. Several of such
descriptor values can correlate with each other because the descriptors represent overlapping
properties, such as size and weight. Nevertheless, each chemical descriptor has a particular
meaning and can thus be determined independently of another descriptor, and no relevant
order exists between them. Because no important information is lost when each descriptor
value is analysed individually, most general data mining methods can be applied in
cheminformatics to determine relationships between these chemical descriptors and biological
effects.

In bioinformatics, theoretical descriptors of sequences can be order-free, such as
experimentally determined properties or the quantity of each amino acid that is present per
sequence. Such simple and global descriptors, however, are neither insightful nor likely to
relate to biological effects in practice. Rather, as sequences are ordered stretches of
nucleotides or amino acids, the most useful patterns that can be derived from them are ordered

groupings of these elements, such as motifs. In a sense, motifs are also used in methods of
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sequence alignment, but these techniques also consider the order between motifs. Although
motifs can represent an ordered (sub)sequence by themselves, descriptors that describe the
presence or absence of motifs are independent of each other. General data mining methods
can still be applied to these independent motif descriptors, but they then ignore the order
between motifs. As a result, highly specific methods, like those for alignment, are employed
more often in bioinformatics analyses because the order between descriptors is also very
important.

Despite these differences between the methods for representation and analysis in
either discipline, most data mining projects aim to answer the same general questions: what
knowledge can we derive from a given dataset? Can we find simple descriptors that relate to
biological activities? Can the extraction of such knowledge be automated, and if so, how? The
successful extraction of knowledge from example datasets has a second value by encouraging
similar searches for simple chemical or biological descriptors that underlie other biological

effects.

Focus in bioinformatics: GPCR databases and variants with adverse effects

Of the protein families that exist in the human genome, the superfamily of G protein-
coupled receptors (GPCRs) is of particular importance to the pharmaceutical industry™.
GPCRs function by specifically recognising chemical signals from the extracellular
environment of a cell and communicate this information to the inside of this cell. By
transducing extracellular signals over cell membranes, GPCRs regulate a plethora of
important physiological processes and they are frequently targeted by drug design efforts™.
Moreover, a particular diversity of harmful and harmless genetic variants occurs in these
GPCRs. Due to the importance of the superfamily of GPCRs, molecular biologists and
pharmacologists that research these proteins have been supported by public, GPCR-oriented
databases. One of these databases, the GPCRDB, has been around for over a decade and
contains a categorisation of GPCRs into subfamilies along with their protein sequences,
alignments thereof, and information on GPCR ligands®. Among several other databases that
focus on GPCRs is the olfactory receptor database, which supplements GPCRDB-like

1Y, Moreover,

information with a knowledge-based classification of these receptors of smel
the tinyGRAP database has been set up to encompass the many artificially introduced GPCR
mutations that were described in the scientific literature and studied for their effects on GPCR
functioning and ligand binding in vitro®™. This effort has recently been supplemented by
MuteXt, which automatically extracts information on artificially introduced GPCR mutations
from electronic papers and provides its results through the GPCRDB®. Numerous natural
variants occur throughout the human genome, including at GPCR genes and these have not
yet been catalogued in a database, although such a database could further facilitate research

into GPCRs. Several genetic variants in GPCRs are responsible for human diseases by
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distorting GPCR function. In contrast, many natural variants that have been elucidated from
healthy human volunteers have not been linked to adverse effects. Several mutations that have
strong adverse effects on human health have been stored in different source databases, but the
majority of human health data on GPCR variants is present only in scientific articles. GPCR
researchers would therefore be greatly aided by a database on GPCR variants that also
captures variants from the scientific literature, especially when several automated error-
checks filters out incorrect data. Moreover, such a database could help to understand why and
how several genetic GPCR variants cause various adverse effects like diseases while other

GPCR variants appear harmless.

Focus in cheminformatics: structure-activity relationships for adverse effects

In the early days of cheminformatics, quantitative structure-activity relationships
(QSARs) were derived for series of closely related molecules®®. The outcome of such
calculations would ideally help in the prediction or rather suggestion of new, analogous
compounds with an improved activity profile. Today’s perspective is largely different. While
many biological data have been available for a long time, cheminformaticians have recently
been overwhelmed by new, large databases of compounds with available biological

activities*® *°

, which resulted from a flood of results from public high-throughput biological
screening efforts. A typical example are the thousands of very diverse compounds that are
assessed for their inhibition of the so-called hERG ion channel in the heart40, which causes
adverse effects like cardiac arrhythmia’'. Such large, diverse chemical datasets on adverse
biological effects are impossible to analyse by traditional QSAR methods. In fact, the current
data explosion further stresses the need to automatically relate biological effects to chemical
structure. New cheminformatics methods are therefore needed to better identify chemical
causes for various types of biological activities. More specifically, computational methods
that aim at extracting structure-activity relationships (SARs) should incorporate more
sophisticated properties of atoms and non-linear shapes during the search of biologically

relevant substructures.

Aim and content

The previous sections of this chapter have outlined the general purposes of
bioinformatics and cheminformatics, their origins, and the overlaps and differences between
these fields. The last sections have focussed on the more specific problems that are addressed
in this thesis. In short, the goal of the thesis is to understand biological and chemical causes
for adverse effects in man. More specifically, we employ methods from computer science to
extract the causes of several toxic effects that are introduced by genetic variants or potential
drugs. The ideal result would be that such automatically extracted biological and chemical

knowledge also proves useful for predictive purposes.

10
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Genetic variants can only have the potential to cause adverse effects like diseases if
they affect the genes of important proteins such as G protein-coupled receptors (GPCRs). A
large variety of GPCR variants have been determined and only some of them cause diseases
while others lack an obvious effect on phenotype. GPCRs are introduced in Chapter 2, as are
several natural variants in GPCR genes and their links to disease.

As introduced above, numerous natural variants occur throughout the human genome,
including at GPCR genes and these have not yet been catalogued in a database. To raise
awareness about natural variants in GPCRs and to facilitate access by GPCR researchers to
variants and their effects on health, Chapter 3 describes the development and content of a
database on GPCR variants and their effects.

One advantage of examining the variants of one superfamily of related proteins, rather
than a set of unrelated proteins, is that additional descriptors can be employed during data
mining, such as more detailed family-specific descriptors. Several features of variants that
correlated with the adverse effects of GPCR variants on health are revealed in the statistical
analysis of Chapter 4. Knowledge of the disease potential of these variants also sheds insight
into GPCR domains that are critical for normal receptor activity, as mutations herein often
distort GPCR function.

Like Chapter 4, the next part of this thesis concerns the extraction of knowledge for
adverse biological effects. The following chapters, however, focus on chemical problems:
which chemical descriptors cause adverse biological effects? Which methods can be used to
determine such chemical descriptors? To address the latter, different techniques of data
mining and the validation of their results are reviewed in Chapter 5 by using examples from
toxicity prediction.

Considerable costs can be saved when adverse effects of candidate pharmaceuticals
are detected in an early - rather than a late - stage of drug discovery research, as their toxicity
may hinder their therapeutic potential. Reliable predictive methods can help prioritise
compounds for initial and more extensive toxicity screening to minimize late stage rejections
and prevent expensive screens early on. For this reason, the study in Chapter 6 derived
substructures that are likely to cause mutagenicity according to statistical findings. Moreover,
these substructures were only considered valid when literature supported a mechanism of
action.

Fully computational methods can analyse large datasets more rapidly and they are not
limited to personal expertise on the investigated biological activity. Current substructure
mining methods that have been used for cheminformatics problems consider only
substructures that are linear and/or of limited size’*>*. If, however, the compound graphs
consist of only these simple elements, such as C, N, etc., then so do their substructures.
Although the resulting substructures are interpretable to chemists, substructure mining

methods to date have neglected information that chemists can readily infer from a molecular

11
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structure, like aromaticity’>>*. Chapter 7 aims to overcome these drawbacks and reports to
what extent the substructures found in Chapter 6 could be reproduced by a computational
technique that derives all linear, branched and cyclic substructures that occur in chemical
structures.

This thesis concludes with general conclusions on the bioinformatics and
cheminformatics approaches that are described in this thesis. Furthermore, perspectives for
future research are put forward with a final focus on newly available data and the synergy

between cheminformatics and bioinformatics approaches.
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