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Goals

This chapter summarizes the contents and describes the plan of the thesis.
First, we highlight the emergence of bioinformatics, and we state the issue
of data preprocessing in the scope of protein classification using data mining.
Then, we present some useful information that may help with the reading
of the manuscript, such as the main assumptions, the interchangeably used
terms, and succinct information about the appendices and the glossary.



2 Chapter 1. Introduction

1.1 Context and motivation

1.1.1 Bioinformatics emergence

The emergence of the bioinformatics that we have witnessed during the last
years finds its origin in the technological progress which has helped to conduct
large scale research projects. The most remarkable one was the human genome
project (HGP) [Baetu 2012] accomplished in 13 years since 1990; a period that
seems to be very short compared with the quantity of the collected data on
the human genome: 3 billion bases which constitute the human DNA. Thus,
several problems are open:

How does the gene express its protein?

Where does the gene start and where does it end?

How do the protein families evolve and how to classify them?

How to predict the three-dimensional structure of proteins?
- ete...

The answer to these questions by the biochemical means and the in wvitro
analysis is very expensive and time consuming. Indeed, some tasks, such as
the determination of the protein three-dimensional structure, can extend over
months and even years whereas the biological sequences quantity generated
by the various sequencing programs knows an exponential growth. Hence-
forth, the challenge is not the gathering of biological data but rather their
exploration in a faster and efficient way making it faster to reveal the se-
crets of the cell . This explosive growth of the amount of biological data
requires, therefore, the use of computer resources for the storage, organiza-
tion, maintenance and analysis. In order to make biological data available
to scientists in computer-readable forms, many generalized and specialized
databases have been constructed, and been growing exponentially. Moreover
a panoply of computational tools have been developed to analyze biological
data, especially for the search of similarities between biological data.

1.1.2 Protein classification issue in bioinformatics

Due to their crucial importance, proteins have been the subject of thorough
studies in bioinformatics. Proteins play crucial roles in almost every biolog-
ical process and they are responsible in one form or another for a variety of
physiological functions including enzymatic catalysis, binding, transport and
storage, immune protection, control of growth, etc. This important position
of proteins in the mechanisms has made the analysis and interpretation of
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proteins a fundamental task in bioinformatics. Classification and prediction
techniques have been utilized as one way to deal with such task [Bhaskar 2005].

In bioinformatics, the inference of new knowledge from significant similar-
ity has become a considerably reliable routine [Pearson 2005]. Alignment has
become the main technique used by biologists to look for similarity between
structures, and hence to classify new ones into already known families/classes.
Whenever two protein sequences or protein structures are similar, they can
be considered to belong to the same class. However, the inference of classes
from alignment may include some weakness such as the orphan proteins is-
sue [Ekman 2010], the lack of discriminative models taking into account the
classification scope and the disuse of additional information (contextual, topo-
logical..). This explains the recourse to the use of alternative means from other
fields namely from data mining. Indeed, data mining provides a panoply of
algorithms and techniques that can help with the problem of protein classifi-
cation.

1.1.3 Data mining and preprocessing issue

Bioinformatics is a data-rich field but lacks a comprehensive theory of life’s
organization, at the molecular level that allows to effectively analyze biolog-
ical data. In the framework of data mining, many software solutions were
developed for the extraction of knowledge from tabular data (which are typ-
ically obtained from relational databases). These solutions could help with
the investigation of bioinformatics data.

In fact, protein classification has been cast as a problem of data min-
ing, in which an algorithm classifies new structures based on what it
learns from an already available classification (For example the SCOP
database [Andreeva 2004]). Work on protein classification has been ongo-
ing for over a decade using data mining classifiers, such as neural networks
[Cai 2000, Ding 2001, Huang 2003, Ie 2005| and support vector machines
(SVM) [Chen 2006, Melvin 2007, Shamim 2011|. However, knowing that pro-
tein data are presented in complex formats and that mining tools often process
data under the relational format, it will not be possible to apply these tools
directly on such data, i.e., a preprocessing step is seen essential.

The solutions to address the problem of format come from data mining
itself. Methodological extensions of data preprocessing have been proposed
to deal with data initially obtained from non-tabular sources, e.g., in the
context of natural language (text mining) and image (image mining). Data
mining has thus evolved following a scheme instantiated according to the type
of the underlying data (tabular data, text, images, etc.), which, at the end,
always leads to working on the classical double entry tabular format where
instances are encoded based on a set of attributes. Feature extraction (or motif
extraction) is one major way to address the attribute creation. However, the
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main challenge in any preprocessing process is the loss of information that
accompanies the format change.

1.2 Contributions

This thesis deals with the protein data preprocessing as a preparation step
before their classification. We present motif extraction as one way to address
this task. The extracted motifs are used as descriptors to encode proteins
into feature vectors. This enables using known data mining classifiers which
require this format. However, designing a suitable feature space, for a set of
proteins, is not a trivial task due to the complexity of the raw data. We deal
with two kinds of protein data 7.e., sequences and tri-dimensional structures.

1.2.1 First axis: sequential protein data

In the first axis i.e., protein sequences, we propose a novel encoding method,
termed DDSM that uses amino-acid substitution matrices to define similarity
between motifs during the extraction step. We demonstrate the efficiency of
such approach by comparing it with several encoding methods using some
data mining classifiers. We also propose new metrics to study the robustness
of some of these methods when perturbing the input data. These metrics
allow to measure the ability of the method to reveal any change occurring in
the input data and also its ability to target the interesting motifs.

1.2.2 Second axis: spatial protein data

The second axis is dedicated to 3D protein structures which are recently seen
as graph of amino acids. We make a brief survey on the most used graph-
based representations and we propose a naive method to help with the protein
graph making. We show that some existing and widespread methods present
remarkable weaknesses and do not really reflect the real protein conformation.
Besides, we have been interested in discovering recurrent sub-structures in
proteins which can give important functional and structural insights. We
propose a novel algorithm to find spatial motifs, termed ant-motifs, from
protein. The extracted motifs obey a well-defined shape which is proposed
based on a biological basis. We compare ant-motifs with sequential motifs
and spatial motifs of recent related works.

1.3 Outline

This thesis is organized as follows. In Chapter 2, we provide the required ma-
terial to understand the basic notions of our two research fields, namely data
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mining and bioinformatics. We also give a panorama of the main biological
applications of data mining. This chapter is mainly dedicated to readers who
are not familiar with biological terms.

In Chapter 3, we introduce the problem of protein classification seen within
a data mining framework. We overview the classification concept and we
present its most known algorithms, evaluation techniques and metrics. Mean-
while, we present the importance of protein classification in bioinformatics
and we explain the necessity of preprocessing relative to the complexity and
the format of bioinformatics data under consideration.

In Chapter 4, we deal with the motif-based preprocessing of protein se-
quences for their classification. We propose a novel encoding method that
uses amino-acid substitution matrices to define similarity between motifs dur-
ing the extraction step. We carry out a detailed experimental comparison
(in terms of classification accuracy and number of attributes) between sev-
eral encoding methods using various kinds of classifiers (C4.5 decision tree,
naive bayes NB, support vertor machines SVM and nearest neighbour NN),
the Hidden-Markov-Model-based approach as well as the standard approach
based on alignment.

In Chapter 5, we introduce the notion of stability of the generated motifs
in order to study the robustness of motif extraction methods. We express this
robustness in terms of the ability of the method to reveal any change occurring
in the input data and also its ability to target the interesting motifs. We use
these criteria to experimentally evaluate and compare four existing extraction
methods for biological sequences.

In Chapter 6, we make a brief survey on various existing graph-based
representations and propose some tips to help with the protein graph making
since a key step of a valuable protein structure learning process is to build
concise and correct graphs holding reliable information. We, also, show that
some existing and widespread methods present remarkable weaknesses and do
not really reflect the real protein conformation.

In Chapter 7, we propose a novel algorithm to find spatial motifs from
protein structures by extending the Karp-Miller-Rosenberg (KMR) repetition
finder dedicated to sequences. The extracted motifs obey a well-defined shape
which is proposed based on a biological basis. These spatial motifs are used
to perform various supervised classification tasks on already published data.
Experimental results show that they offer considerable benefits, in protein
classification, over sequential motifs and spatial motifs of recent relative works.
We also show that it is better to enhance the data preprocessing rather than
to focus on the optimization of classifiers.

In Chapter 8, we conclude this thesis by summarizing our contributions
and highlighting some prospects.
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1.4 Main Assumptions of the thesis

To allow a better understanding to the reader, we list the main assumptions
that we adopt in this thesis. These assumptions are given in order of appear-
ance in the manuscript. They can be seen as the dimensions of the thesis.

1. This thesis is not about classification, but about preprocessing for the
classification.

2. The more complex the data are, the more required the preprocessing is.

3. Any preprocessing is accompanied by a loss of information contained in
the raw data.

4. Motif extraction can efficiently contribute in protein preprocessing for
classification, where motifs are used as features.

5. The more reliable the set of features is, the higher the classification
performance is.

6. The more reliable the feature extraction method is, the more sensitive
to variations in data it is.

7. 3D protein structures contain useful spatial information that can be ex-
pressed by graph, i.e., a protein can be seen as a graph of amino acids.

8. Spatial information can be wasted if proteins are not parsed into graph
in a "judicious" way.

9. It is more judicious to limit the spatial motifs to a specific shape, rather
than frequent subgraphs.

1.5 Interchangeably used terms

In this thesis, as well as in literature, many terms are used interchangeably
even if slight subtleties, related to the context, may exist between them. In
Table 1.1, we list these terms into clusters and we give to each cluster a general
meaning.

1.6 Appendices and glossary

Four appendices are provided at the end of the manuscript. In Appendix
A, we describe the bioinformatics data formats and tools we used in our ex-
periments. In Appendix B, we describe the SeqCod library. This library
comprises methods (comprising DDSM) to encode biological sequences (DNA
and protein) into relational or binary formats. Methods have been developed
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Table 1.1: Interchangeably used terms.

General meaning ‘ Terms

A piece of data that describes an | Motif, feature, descriptor, attribute, pat-
object tern

A group of objects Class, family, group, cluster

A process of extracting useful | Data mining, DM, knowledge discovery in
knowledge from data data, KDD

Data, in computer formats, is- | Bioinformatics data, biological data
sued from biology

Spatial data 3D structure, tertiary structure, spatial
structure
Motif represented as graph Spatial motif, frequent subgraph

A set of objects described by the | Relational format, tabular format, object-
same set of attributes attribute table, context

Assigning a label, from a set of | Classification, supervised classification,
label, to an object prediction, affiliation

in C language. In Appendix C, we explain the bases of the original KMR
algorithm. In Appendix D, we provide a description of the Protein Graph
Repository (PGR), our online repository mainly dedicated to protein graphs.
In Appendix E; we explain how to use our software of spatial motif (ant-motif)
extraction implemented in java language.
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This chapter introduces our two intersecting research fields, namely bioinfor-
matics and data mining. It is dedicated to present, in a simplified way, the
basic notions related to these fields. We mainly focus on defining bioinfor-
matics data, we show their complexity, give an idea about their usual tools
of storage and processing. We also overview the main tasks performed by
data mining techniques in bioinformatics. Those who are familiar with these
notions can skip this chapter.
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2.1 Bioinformatics

Bioinformatics is made up of all the concepts and techniques necessary to
interpret biological data by computer. Several fields of application or sub-
disciplines of bioinformatics have been formed [Ouzounis 2003]:

- Sequence bioinformatics, which deals with the analysis of data from the
genetic information contained in the sequence of DNA or the protein it
encodes. This branch is particularly interested in identifying the simi-
larities between the sequences, the identification of genes or biologically
relevant regions in the DNA or protein, based on the sequence or se-
quence of elementary components (nucleotides, amino acids).

- Structural bioinformatics, which deals with the reconstruction, the pre-
diction or analysis of the 3D structures or the folding of biological macro-
molecules (proteins, nucleic acids), using computer tools.

- Network bioinformatics, which focuses on interactions between genes,
proteins, cells, organisms, trying to analyze and model the collective
behavior of sets of building blocks of living. This part of bioinformat-
ics in particular feeds of data from technologies for high-throughput
analysis such as proteomics and transcriptomics to analyze gene flow
or metabolic.

- Statistical bioinformatics and population bioinformatics, whose the ul-
timate goal is to statistically identify significant changes in biological
processes and data for the purpose of answering biological questions.

In other words, it is about analyzing, modeling and predicting biological infor-
mation from experimental data. In a broader sense, the concept of bioinfor-
matics may include the development of tools for information processing based
on biological systems, for example, the use of combinatorial properties of the
genetic code for the design of DNA computers to solve complex algorithmic
problems [Kahan 2008].

2.2 Bioinformatics data

Bioinformatics data revolve around three biological macromolecules. The cen-
tral dogma of molecular biology, detailed in [Tortora 2006|, describes these
biological macromolecules and the flow of genetic information between them
(Fig. 2.1). There exist three kinds of bioinformatics data related to the
three mentioned macromolecules, namely, DNA, RNA and protein. DNA is
transcribed into RNA and the RNA is then translated into proteins. From a
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Table 2.1: Bioinformatics data and their alphabets.

Type Data Alphabet
Nucleic DNA {A, T, C, G}
RNA {A, U, C, G}
Protein Protein {A,C,D,E, F, G H, I, K, L, M, N, P,
Q? R‘? S7 T’ V? W? Y}

computational perspective, these data can be seen as computer-readable struc-
tures defined within given alphabets detailed in the following subsections and
summarized in Table 2.1.

Replication

m Transcription Translation

DNA — RNA T— Protein

Figure 2.1: Simplified process of transcription and translation. The circular arrow
around DNA denotes its ability to replicate.

2.2.1 Nucleic data: DNA and RNA
2.2.1.1 DNA

DNA (deoxyribonucleic acid) has a double helical twisted structure. Each side
of the spiral of DNA is a polymer constructed of four parts, called nucleotides
(or bases): A, T, C, and G (abbreviations for adenine, the thymine, cytosine
and guanine). Both sides of the DNA are complementary, i.e., whenever there
is an edge of T, there is A in the corresponding position on the other side, so
if there is a G on one side, there is a C in the corresponding position of the
other (Fig. 2.2). DNA can be represented by a sequence of four nucleotides.

2.2.1.2 RNA

Such as DNA, RNA is a long but usually simple molecule , except when it
folds in on itself. It differs chemically from DNA by containing the sugar
ribose instead of deoxyribose and containing the base uracil (U) instead of

thymine. Thus, the four RNA bases are A, C, G and U.
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Figure 2.2: DNA structure.

2.2.2 Protein data

Proteins are biological macromolecules formed by concatenation of 20 distinct
amino acids into long chains. They play crucial roles in almost every biolog-
ical process. They are responsible in one form or another for a variety of
physiological functions including enzymatic catalysis, binding, transport and
storage, immune protection, control of growth, etc.

The sequence of the amino acid residues in these chains is termed the
protein primary structure. These chains can fold to form complex 3D struc-
tures due to a combination of chemical interactions with the existence of some
standard sub-structures called secondary structures (o helix and 5 sheet). In
the final folded state of a protein i.e., tertiary structure, residues that are far
away in the chain can be very close in space. Often, proteins are composed of
several chains of amino acids. This is the case of hemoglobin, which contains
four protein chains, or insulin which has two chains linked by disulfide bonds
(see Chapter 4). The combination of these chains that each has a tertiary
structure, is the quaternary structure of these proteins, also called oligomeric
structure (Fig. 2.3).

A protein consists of a set of 20 amino acids. Each amino acid is repre-
sented by a letter: alanine (A), cysteine (C), aspartic acid (D), glutamic acid
(E), phenylalanine(F), glycine (G), histidine (H), isoleucine (I) , lysine (K),
leucine (L), methionine (M), asparagine (N), proline (P), glutamine (Q), argi-
nine (R), serine (S), threonine (T), valine (V), tryptophan (W) and tyrosine
(Y). All amino acids share a common structural scheme. An amino acid is
composed of a central (but not the centroid) carbon atom called C,, and four
chemical groups attached to C,: a hydrogen atom, an amino group, a car-
boxyl group and a side chain or radical R (Fig. 2.4). It is the side chain that
differentiates one amino acid from another and gives it its physico-chemical
properties. The common parts between the amino acids compose the so called
backbone [Brandon 1991]. 2.4).



2.2. Bioinformatics data

13

‘ Sheet B Helix @

Secondary structure

Tertiary structure

Quaternary structure
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Figure 2.4: Amino acid structure.
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2.3 Databases

Recently, the collection of biological data has increased at explosive rates, due
to the improvements of existing technologies and the introduction of new tech-
nologies such as microarrays [Mohapatra 2011|. These technological advances
have helped conduct experiments and research programs on a large scale.
An important example is the human genome project (HGP) [Baetu 2012|,
which was founded in October 1990 by the the Department of Energy and the
National Institutes of Health (NIH) of the United States. This project was
completed in 2003 and has seen the collaboration of other countries such as
France, Germany and Canada.

The explosive growth of the amount of biological data requires, therefore,
the use of computer resources for the storage, organization, maintenance and
analysis of these data. In order to make biological data available to scientists
in computer-readable forms, many generalized and specialized databases have
been constructed, and been growing exponentially. Fig. 2.5 illustrates the
exponential growth of some known databases.

100 -
Number of entries
108
= GenBank
107 4 — EMBL
== SWISS-PROT
- PR
10P -
PDB
106 -
104 4
10° -
102
Year
101 ] L) ¥ L) ¥ L] L) L) I T L] ¥ ¥ L]

80 82 84 86 88 90 92 94 96 98 00 02 04 06 08 10

Figure 2.5: Growth of biological databases.

For specific requirements related to the activities of research groups, many
specific databases have been created in laboratories. Some have continued to
be developed; others have not been updated and disappeared as they repre-
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sented a specific need. Still others are unknown or poorly known and waiting
to be operated more. All these specialized databases of interest are very di-
verse and the mass of data they represent may vary considerably from one
base to another. Generally, they aim to:

- Identify families of sequences around specific biological characteristics
such as regulatory signals, the promoters of genes, peptide signatures or
identical genes from different species.

- Group specific classes of sequences such as cloning vectors, restriction
enzymes, and all sequences of the same genome.

In fact, these databases are, in many cases, improvements or combinations
compared to data from the general bases. For example, the Protein Data
Bank (PDB) consists of molecules whose 3D coordinates were obtained by
magnetic resonance or X-ray diffraction [Berman 2007]|. These structures can
be easily visualized using 3D visualization software. Below are some other
examples of specialized databases:

- ECD: nucleic sequences of Escherichia coli [Kroger 1998].

- TFD: nucleic consensus motifs [Ghosh 2000].

- PROSITE: protein motifs with biological activity [Sigrist 2010].

- SCOP: structural classification of proteins [Andreeva 2004].

- CATH: hierarchical classification of proteins [Orengo 2002].

- IMGT: immunoglobulin sequences and T-receptors [Lefranc 2003].
- GENATLAS: mapping information of human genes [Frézal 1998|.

These databases are replete with standard formats for representing biolog-
ical data. Those standards that have been successfully adopted by the bioin-
formatics community are associated with software tools which can perform
analysis, integration and visualization of data which comply with community-
accepted formats. Many formats have been created over the years. The
FASTA format is the most common for sequential data and the PDB format
is the most common to represent 3D-structures (see Appendix A).

2.4 Similarity search

2.4.1 Similarity and homology

The similarity is the resemblance between two or more structures. It can be
measured, in a simple way, as the percentage of identical elements in these
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structures. The homology implies that structures derive from a common an-
cestral structure and have the same evolutionary history (retained functions
for example). A high similarity is taken as evidence of homology on the exis-
tence of a common ancestor.

The search for similarities between structures is a fundamental operation
which is often the first step of biological data analysis. It is widely used in the
search of motifs, the characterization of common or similar regions between
two or more structures, the comparison of a structure with all or a subset of a
sequence database, or even the analysis of molecular evolution. The similarity
search operation can be performed by an alignment program.

2.4.2 Alignment

Alignment is a procedure used to identify identical or very similar regions
between two or more structures, and to distinguish those that are meaning-
ful and correspond to biological meanings from those observed by chance.
Formally an alignment can be defined as follows:

Definition 1 (Alignment) Let S = {Sy,.., S} be a set of k structures de-
fined within a given alphabet Y. such that S; = (!, ..,xfsi‘), 1<i<k An
alignment A(S1, .., Sk) is a matriz:

at . a
A(S) = | ¢ :
at at

such that:

’az-EZU{—}, where 1 <i<kand1<j<gq

For a given j € [1,4|, a;- € {atU{—}, where a €X
max(|9;]) < ¢ < Zf:l |5il

Bjellg | Vie[lka =~

(@}, . af) \ {af ==} =5

Example 1 Let be S = {51, Sa, S3} such that S1 = (A, G,V,S,I,L,N,Y, A),
Se =(V,S,I,L,Y,A,K,R) and S3 = (A,G,I,L,A,K,R, F). An alignment
example A of S is:

A GV S
AS)=|- - vV 8
A G - -

N

Y
Y

NN N
SESES
N NS
=
avii=o il
SR



2.4. Similarity search 17

H| Q| Q| >
o|lo|o|~| &

C
0
1
0
0

olr|lolol
—lolololH
| oo w| B
olv|w| ol
o|lw|vlo|
w|o|o| o -

H Q Q>

Figure 2.6: Two examples of DNA substitution matrix.

2.4.3 Scoring and substitution matrices

Generally, an alignment score is calculated to qualify and quantify the similar-
ity between structures. It can measure either the distance or the closeness of
structures. This score is computed based on elementary scores that take into
account all possible states according to the alphabet used in the description
of the structures. These matrices are called substitution matrices.

Example 2 (Simple scoring) Let be S; = (V,S,I,L,Y,A,K,R), Sy =
(A,G,I,L, A, K, Ry and an alignment example A of Sy and Ss:

VS 1T LY A K R

A(SI’SQ):AGIL—AKR

A simple way to score this alignment is to reward matches by x, and penalize
mismatches by y. Hence, the score of this alignment is bx — 3y.

Definition 2 (Substitution matrix) Given an alphabet ¥, a substitution
matrix M over ¥ is the function defined as below:

M 2 — [, T]CR

(x,2") — s (2.1)

The higher the value of s is, the more possible the substitution of ' by x is. If
s = 1 then the substitution is impossible, and if s = T then the substitution
1s certain. The values L and T are optional and user-specified. They may
appear or not in M.

2.4.3.1 Nucleic matrices

There are few matrices for nucleic acids because there are only four symbols
in their alphabet. The most frequently used is the unitary matrix (or identity
matrix), where all bases are considered equivalent (see Fig. 2.6).

2.4.3.2 Protein matrices

The most frequently used matrices for proteins are PAM and BLOSUM:
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PAM matrices This mutation matrix corresponds to a substitution accepted
for 100 sites in a particular time of evolution, 7.e., a mutation that does not
destroy the activity of the protein. This is known as a one-percent-accepted-
mutation matriz (1-PAM) . If we multiply the matrix by itself a few times,
we obtain a matrix X-PAM that gives the probabilities of substitution for
larger evolutionary distances. To be more easily used in sequence comparison
programs, each X-PAM matrix is transformed into a matrix of similarities
PAM-X called mutation matrix of Dayhoff [Dayhoff 1978|. This transforma-
tion is performed by considering the relative frequencies of mutation of amino
acids and by taking the logarithm of each element of the matrix.

Simulation studies have shown that PAM-250 seems best to distinguish re-
lated proteins of those with similarity due to chance [Schwartz 1979|. There-
fore, the matrix PAM-250 has become the standard substitution matrix among
Dayhoft ones.

BLOSUM matrices A different approach was undertaken to highlight the
substitution of amino acids. While PAM matrices derive from global align-
ments of very similar proteins, here the degree of substitution of amino acids
is measured by observing blocks of amino acids from more distant proteins.
Each block is obtained by multiple alignment from short and highly conserved
regions. These blocks are used to group all segments of sequences having a
minimum percentage of identity within their block. The frequency of substitu-
tion is deduced for each pair of amino acids and then calculate a logarithmic
probability matrix called BLOSUM (BLOcks SUbstitution Matrix). Every
percentage of identity is a particular matrix. For instance, the BLOSUM-62
matrix is obtained by using a threshold of 62% identity. Henikoff and Henikoff
[Henikoff 1992] conducted such process from a database containing more than

2000 blocks.

Choice of protein matrices The effectiveness of protein matrices depends
on the type of experiments and results used for alignment. Although many
comparative studies have been conducted [Yu 2005, Brick 2008, Mount 2008,
Zimmermann 2010], there is no ideal matrix. But it is clear from these studies
that the matrices rather based on comparisons of sequences or 3D structures
usually give better results than those based primarily on the model of Day-
hoff. Higher BLOSUM matrices and lower PAM matrices are used to compare
sequences that are relatively close and short while to compare more divergent
and longer sequences, it is better to use lower BLOSUM or higher PAM. The
latest versions of BLAST and FASTA programs can choose from several BLO-
SUM and PAM matrices and no longer use the PAM250 matrix as default but
BLOSUM-62 (Fig. 2.7).
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2.5 Mining in bioinformatics data

2.5.1 Data mining

The concept of data mining is often used to term the process of Knowledge
Discovery in Data (KDD) [Fayyad 1997|. However, the former is considered
as one part of the latter. Indeed, the process of KDD has two other major
parts, one preceding and one following the step of data mining, namely the
phase of preprocessing and that of post-processing (Fig. 2.8)

Data Preprocessing Data mining { Post-processing }

Figure 2.8: Steps of the KDD process.

The term knowledge is often used interchangeably with the terms motif or
pattern.

Definition 3 (Motif/Pattern) In general, a motif (or pattern) consists of
a non-null finite feature that can characterize a given population P of objects.
This motif may be identified based to its high frequency in P, its rarity in
other populations or based on other parameters.

Definition 4 (Knowledge discovery in data) It is the non-trivial process
of identifying valid, novel, potentially useful, and ultimately understandable
patterns in data.

Definition 5 (Data mining) It consists of applying computational tech-
niques that, under acceptable computational efficiency limitations, produce a
particular enumeration of patterns (or models) over the data.

Definition 6 (Preprocessing) It comprises all necessary procedures to pre-
pare and parse data into adequate format for the data mining step.

Definition 7 (Post-processing) It includes the evaluation, interpretation,
validation and possible utilization of the mined knowledge.

This decomposition of KDD in three major phases, generalizes sev-
eral other more detailed decompositions found in the literature. Table
2.2 |Andrassyova 1999| lists some specific steps presented from four dif-
ferent sources that deal with data mining [Brachman 1996, Simoudis 1996,
Fayyad 1997, Mannila 1997|. Terms belonging to the same line refer to the
same task. It is also noteworthy that some tasks of the preprocessing stage
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Table 2.3: Common tasks in data mining.

Predictive Descriptive

Classification : Assigning predefined | Association rules : Generating rules
classes to data objects. describing causal relationships between
data.

Regression : Predicting the value of | Clustering : Grouping similar data
an numerical variable. together.

use data mining techniques, especially in the case of the transformation of
data (in italic font).

Data mining uses algorithms and techniques from statistics, artificial in-
telligence and databases. Some of the most popular tasks are classification,
clustering and retrieval of association rules. Depending on the nature of the
data as well as the desired knowledge, there are many algorithms for each
task. All these algorithms try to adapt a model to the data [Dunham 2002].
Such a model can be predictive or descriptive. A predictive model makes a
prediction about the data using known examples, while a descriptive model
identifies relationships between data. Table 2.3 presents the most common
tasks in data mining [Dunham 2002].

2.5.2 Application of data mining in bioinformatics

Although enormous progress has been made over the years, many fundamental
problems in bioinformatics, such as protein structure or gene classification and
finding, are still open. The field of data mining has emerged with the promise
to provide the useful tools, technical knowledge and experience. Thus, data
mining methods play a fundamental role in understanding gene expression,
drug design and other emerging problems in genomics and proteomics.

The application of data mining in bioinformatics is quite difficult, since
data are not often encoded in adequate format. Moreover, the data space for
most bioinformatics problems is huge, infinite and demands highly efficient
and heuristic algorithms. Many data mining algorithms have been utilized for
the prediction and classification of various protein properties, such as active
sites, junction sites, stability, shape, protein domains, etc [Cannataro 2010].
Data mining methods have been also applied for protein secondary and ter-
tiary structure prediction. This problem has been studied over many years
and many techniques have been developed [Tzanis 2007]|. Initially, statistical
approaches were adopted to deal with this problem. Later, more accurate tech-
niques based on information theory, nearest neighbors, and neural networks
were developed. Combined methods such as integrated sequence alignments
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with nearest neighbor approaches have improved prediction accuracy.

Other important problems of structural bioinformatics that utilize data
mining methods are the RNA secondary structure prediction, the inference
of a protein’s function from its structure, the identification of protein-protein
interactions and the efficient design of drugs, based on structural knowledge
of their target.

The aim of applying data mining on bioinformatics is to discover global
knowledge giving a meaning to the biological data and associating them with
understandable relationships. The main challenge that opposes this goal is
the complex aspect of data issued from bioinformatics.

2.5.3 Complexity of bioinformatics data

A complex data type is usually a composite of other existing similar or distinct
data types, whose processing requires different kinds of expert knowledge. In
[Ras 2008|, authors mentioned five dimensions of complex data that must be
taken into account in new data mining strategies

1. Different kinds. The data associated to an object are of different
types. Besides classical numerical, categorical or symbolic descriptors,
text, image or audio/video data are often available. For example biolog-
ical sequences are textual data.

2. Diversity of the sources. The data come from different sources. For
instance, a protein structure may often be stored in several databases,
each one of them producing specific information.

3. Evolving and distributed. It often happens that the same object
is described according to the same characteristics at different times or
different places. For example, the description of a protein in the PDB
database may vary over time with new identifers and new information.

4. Linked to expert knowledge. Intelligent data mining should also
take into account external information, also called expert knowledge.
Bioinformatics data are strongly linked to biologists’ knowledge such as
chemical characteristics, evolution, substitution, etc. These information
could be taken into account by means of descriptive structures such as
substitution matrices.

5. Dimensionality of the data. The association of different data sources
at different moments multiplies the points of view and therefore the
number of potential descriptors. The resulting high dimensionality is
the cause of both algorithmic and methodological difficulties.
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2.6 Conclusion

In this chapter, we presented two emerging research areas in which our work
is located, namely bioinformatics, which encompasses all the technologies and
data related to biology and data mining that extracts useful knowledge from
data. Data mining is particularly suited for the analysis of bioinformatics
data due to the panoply of algorithms and techniques it presents, that can
address many known issues in bioinformatics. However, the complex nature
of these data remains a real obstacle to overcome. In the next chapter, we
introduce a specific problem in bioinformatics in a data mining view, i.e.,
protein classification.
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Goals

This chapter introduces the problem of protein classification seen within a
data mining framework. We overview the classification concept and we cite
its most known algorithms, and evaluation techniques and metrics. Mean-
while, we present the importance of protein classification in bioinformatics
and we explain the necessity of preprocessing relative to the complexity of
bioinformatics data under consideration.
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3.1 Classification of proteins based on data mining

In this section we define the concept of classification in data mining and we
overview its application in bioinformatics, precisely for protein data. More-
over, we present and detail the basic ideas of a bench of the most known
classifiers.

3.1.1 Classification in data mining

Classification, also termed supervised classification, refers to the process of
assigning an object (or more generally an instance) into a given set of affilia-
tions (or classes or labels), where the affiliations are a priori known [Han 2006].
Contrariwise, in clustering (referred also to unsupervised classification) the af-
filiations are missing and have to be created based on one or many criteria of
similarity between instances. Formally, classification is defined as follows:

Definition 8 (Classification) Given a set of objects O and a set of labels
(or classes) C, a classification ® over O is a discrete value-output function

defined as below:
®: 10 — C

0o — ¢ (3-1)

Learning to classify is a central problem in both natural and artificial
intelligence |[Cornuéjols 2010]. Intuitively, a classification rule is a cognitive
act or procedure allowing affect to an object the family where it belongs, i.e.,
recognizing it. This is how a child learns to classify animals into cats and
dogs, plates into sugary and salty, etc. Analogously, some computer programs
that are able to recognize handwriting, have learned rules allowing them to
distinguish and classify the different traced signs; other programs are able
to classify sounds, etc. These data are, generally, presented in a relational
format.

Definition 9 (Relational format) Data, concerning a set of objects O, are
said to be in a relational format if all objects of O are defined in the same
dimension, i.e., described by the same attributes. This format is also said
tabular format and object-attribute format.

In general, classification can be seen as a succession of two steps: learning
and prediction. The first step consists in analyzing a set of instances, namely
the learning set, where these instances belong to already known classes. Mean-
while, a set of rules is generated defining the classification function. The sec-
ond consists in applying the defined function on a set of unknown instances,
where each unknown instance is affiliated to a class, based on the already
generated function.
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3.1.2 Classifiers

Most of the classifiers attempt to find a model that explain the relation-
ships between the input data and the output classes. This reasoning method
is called inductive since it inducts knowledge (model) from input data (in-
stances and attributes) and outputs (classes). This model allows class
prediction for new instances. Thus, a model is as good as the correct-
ness of its prediction. In Table 3.1, we report a comparison between four
known classifiers namely decision tree (DT) [Li 2008], naive bayes (NB)
[Wasserman 2004], nearest neighbour (NN) [Weiss 1990] and support vector
machines (SVM) [Vapnik 1995, Bi 2003]. More details can be found in the
review [Kotsiantis 2007].

3.1.3 Evaluation techniques

The evaluation of classifiers is a recurrent issue in supervised learning. Re-
sampling techniques allow us to answer this question [Kohavi 1995].

3.1.3.1 Holdout

The data set is separated into two sets: the training set and the testing set.
The classifier creates a model using the training set only. Then, the created
model is used to predict the output values for the data in the testing set (it has
never seen these output values before). The errors it makes are accumulated
as before to give the mean absolute test set error, which is used to evaluate
the model. The advantage of this method is that it is usually preferable to
the residual method and takes no longer computation time than the next
techniques. However, its evaluation can have a high variance. The evaluation
may depend heavily on which data points end up in the training set and which
end up in the test set, and thus the evaluation may be significantly different
depending on how the division is made.

3.1.3.2 K-fold cross validation

This technique (CV) is one way to improve over the holdout method. The
data set is divided into k subsets, and the holdout method is repeated k times.
Each time, one of the k subsets is used as the test set and the other k£ — 1
subsets are put together to form a training set. Then the average error across
all k£ trials is computed. The advantage of this method is that it matters less
how the data gets divided. Every data point gets to be in a test set exactly
once, and gets to be in a training set k—1 times. The variance of the resulting
estimate is reduced as k is increased. The disadvantage of this method is that
the training algorithm has to be rerun from scratch k times, which means it
takes k times as much computation to make an evaluation. A variant of this
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Table 3.1: Comparing some classifier algorithms. Scoring: **** stars represent the best and * star the worst performance.
| DT | NB | NN | SVM
Accuracy in general 7 *ok 7 * 7 sk 7 Kok
Speed of learning with respect to number of attributes and | *** Kkokok KoKk ok *
the number of instances
Speed of classification 7 sk 7 Kok 7 * 7 Kok
Tolerance to missing values 7 Hokok 7 *okkok 7 * 7 *ok
Tolerance to irrelevant attributes 7 *ohok 7 *k 7 ok 7 *orokok
Tolerance to redundant attributes 7 ok 7 * 7 ok 7 sk
Tolerance to highly interdependent attributes (e.g. parity | ** * * Hokok
problems)
Dealing with discrete/binary/continuous attributes ootk K (not continu- | *** (not directly | ** (not discrete)
ous) discrete)

Tolerance to noise 7 ok 7 Hokok 7 * 7 Kok
Dealing with danger of over-fitting | ** | Horx | o |
Attempts for incremental learning 7 *x 7 koK 7 Hokkok 7 Kk
Explanation ability /transparency of knowl- | **#* rorokok ok *
edge/classifications

Model parameter handling
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method is to randomly divide the data into a test and training set k different
times. The advantage of doing this is that one can independently choose how
large each test set is and how many trials you average over.

3.1.3.3 Leave one out

Leave one out (LOO) is K-fold cross validation taken to its logical extreme,
with K equal to N, the number of data points in the set. That means that N
separate times, the classifier is trained on all the data except for one point and
a prediction is made for that point. As before, the average error is computed
and used to evaluate the model. The evaluation given by leave-one-out cross
validation error (LOO-E) is good, but at first pass it seems very expensive to
compute. Fortunately, locally weighted learners can make LOO predictions
just as easily as they make regular predictions. That means computing the
LOO-E takes no more time than computing the residual error and it is a much
better way to evaluate models.

3.1.3.4 Bootstrap

Given a dataset of size n, a bootstrap sample is created by sampling n in-
stances uniformly from the data with replacement. In the simplest form of
bootstrapping, instead of repeatedly analyzing subsets of the initial dataset,
one repeatedly analyzes subsamples of the data. Each subsample (a bootstrap
sample) is a random sample with replacement from the full dataset. Then,
the evaluation is performed as in cross-validation.

3.1.4 Classification performance metrics

In order to evaluate the performance of the classification, many metrics were
proposed in literature. Actually, the formulas of most of these metrics are
based on four parameters namely true positive (TP), false positive (FP), true
negative (TN) and false negative (FN).

Definition 10 (True positive) is when the example is correctly classified as
positive.

Definition 11 (False positive) is when the ezample is incorrectly classified
as positive, when it is in fact negative.

Definition 12 (True negative) is when the example is correctly classified
as negative.

Definition 13 (False negative) is when the example is incorrectly classified
as negative, when it 1s in fact positive.
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The mentioned parameters are usually shown in what is called a confusion
matrix.

In the following we define and present a bench of the most used metrics.

3.1.4.1 Sensitivity

Called also recall rate, sensitivity represents the percentage of correctly clas-
sified as positive instances from all those classified as positive. This measure
is computed using the following formula:

TP

Senszthty = m—m

(3.2)

3.1.4.2 Specificity

Specificity represents the percentage of correctly classified as negative in-
stances from all those classified as negative. This measure is computed using
the following formula:

TN

TN+ FP (3:3)

Specificity =

3.1.4.3 Accuracy

Accuracy is the percentage of the correctly classified instances. It is calculated

as follows:
TP+ TN

TP+TN+ FP+FN

Accuracy = (3.4)

3.1.4.4 Precision

Precision or positive predictive value is the percentage of correctly classified
as positive from all the positive instances. It is calculated as follows:

TP
Precision = 7_'P—|——F1P (35)

3.1.4.5 F-measure

The F-measure is used as a single measure of performance of the test. It
considers both the precision and the recall, and is computed using the following

formula:
precision x recall

F — measure = 2 %

3.6
precision + recall (36)
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3.1.4.6 ROC curve

A receiver operating characteristic, shortly a ROC curve, is a plot of the true
positive rate (sensitivity) against the false positive rate (1 - specificity) for the
different possible cut-points of a diagnostic test. It shows the tradeoff between
sensitivity and specificity (Fig. 3.1.4.6. The closer the curve follows the left-
hand border and then the top border of the ROC space, the more accurate the
test [Zweig 1993]. Tt is possible to derive a synthetic indicator from the ROC
curve, known as the AUC (Area Under Curve - Area Under the Curve). The
AUC indicates the probability that the classifier will rank a randomly chosen
positive instance higher than a randomly chosen negative instance. There
exists a threshold value: if we classify the instances at random, the AUC will
be equal to 0.5, so a significant AUC must be superior to this threshold.
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Figure 3.1: Comparing ROC curves.

3.1.4.7 E-value

The Expect value (shortly E-value, called also expectation) is a parameter that
describes the number of hits one can expect to see by chance when searching
a database of a particular size. It decreases exponentially as the score of the
match increases. In other words, the E-value allows for example to measure
the fairness of a game of chance and is then equal to the sum of the gains (or



Chapter 3. Classification of Proteins in a Data Mining Framework:
32 Preprocessing issue

losses) weighted by the probability of gain (or loss). When the expectation is
equal to 0, the game is fairly stated.

3.1.5 Classification of biological data: the case of proteins
3.1.5.1 Why classifying proteins?

Proteins are biological macromolecules that play crucial roles in almost ev-
ery biological process. They are responsible in one form or another for
a variety of physiological functions including enzymatic catalysis, binding,
transport and storage, immune protection, control of growth, etc. Analy-
sis and interpretation of proteins is a fundamental task in bioinformatics.
(Classification and prediction techniques are one way to deal with such task
[Bhaskar 2005]. In fact, biologists are often interested in identifying the
family to which an unknown protein belongs [Bernardes 2008|. This makes
it possible to study the evolution of this protein and to discover its bio-
logical functions. Furthermore, the study and the prediction of oligomeric
proteins (quaternary structures) are very useful in biology and medicine
for many reasons [Klotz 1975]. Indeed, they often intervene in terms of
bio-macromolecules functional evolution, reparation of misfolds and defects
[Price 1994, Corrales 1996]. They are also involved in many important bio-
logical processes such as chromosome replication, signal transduction, folding
pathway and metabolism [Terry 1998]. Biologists also seek, for instance, to
identify active sites in proteins and enzymes [Slama 2008], to classify parts of
DNA sequences into coding or non-coding zones or to determine the function
of the nucleic sequences such as the identification of the promoter sites and
the junction sites [Mephu Nguifo 1993, Lemoine 1999, Vignal 1997|. All these
purposes can be seen in a classification framework where the identification of
the classes of unknown biological data may yield further understanding.
Protein classification has several goals depending on the nature of the task
e.g., structural, taxonomic, functional or any other affiliation. In order to
gain a better understanding of the functions of proteins and their relation-
ship, existing databases specialized in classification of proteins should be up-
dated frequently. Unfortunately, this is no longer possible with the exponential
growth in the number of newly discovered protein structures. Indeed, the PDB
database [Berman 2000| continues to expand tremendously comprising so far
more than 72000 protein structures. For instance SCOP [Andreeva 2008],
being manually built, is updated only every 6 months. This is due to the
intensive work required in visual inspection which makes it the most reliable
database for structural classification. Hence, accurate computational and ma-
chine learning tools may offer considerable boosting to meet the increasing
load of data [Muggleton 2006]. One way to evaluate automated methods is
to compare their results with well-known databases often considered as gold
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standard of protein classification.

3.1.5.2 From alignment to data mining

Biological databases and alignment programs have revolutionized the practice
of biochemistry, molecular and evolutionary biology. Early sequence compar-
isons revealed extraordinary evolutionary relationships [Pearson 2005|. Since
then, the inference of new knowledge from significant similarity has become
routine and considerably more reliable. Therefore, alignment has become the
main technique used by biologists to look for similarity between structures,
and hence to classify new ones into already known families/classes. Whenever
two protein sequences or protein structures are similar, the similarity can be
explained by one of two alternatives |Pearson 2005] :

1. The two proteins are similar because they are homologous, i.e., both are
descendants from a common ancestor.

2. The proteins are not related, i.e., they are similar because some set
of structural or functional constraints caused them to converge from
independent origins to the observed similarity.

Sequential and structural alignments have proved to be useful. For in-
stance, SCOPMap [Cheek 2004] uses sequence comparison methods such as
BLAST [Altschul 1990], PSI-BLAST [Altschul 1997], and structure compari-
son methods such as DALI [Holm 1993] and MAMMOTH [Ortiz 2002, and a
manually set similarity threshold to make classification assignments. However,
the inference of classes from alignment may include some weaknesses. This
should be expected since alignment depends basically on pairwise similarity
and this reveals three major problems:

1. Orphan proteins. Unknown proteins that have no detectable similar
known proteins have been termed orphan proteins [Ekman 2010|. Hence,
they can not be classified.

2. Classification scope. The kind of classification is not taken into ac-
count. The unknown protein is simply affiliated into the class of its most
similar known protein whatever was the objective of classification. For
example, moving from structural to functional or to taxonomic classi-
fication does not change the alignment results. More concretely, two
proteins may belong to the same class with respect to a given scope,
whereas they belong to different classes with respect to another scope.
This issue yields classification errors.

3. Disuse of external information. Biological data are generally ac-
companied by a worth of information. These information can serve as



Chapter 3. Classification of Proteins in a Data Mining Framework:
34 Preprocessing issue

descriptive characteristics e.g., topological measures, volume, etc or re-
lated to their environment e.g., contextual information such as pH, cell
concentration, etc. The alignment process does not integrate the possi-
bility to use such information.

In this context, the use of data mining techniques is suited for protein
classification. It even represents a rational choice to address that problem for
the following reasons:

- Data mining classifiers have proved to be efficient in several application
fields, e.g., finance, commerce, marketing, etc.

- The generated knowledge are reliable since they are evaluated based on
statistically efficient sampling techniques.

- Data mining classifiers are generic and can be applied to different fields
without having deep expert’s knowledge about the application domain.

- Data mining offers a panoply of classification algorithms.

Indeed, protein classification have been cast as a problem of data mining,
in which an algorithm classifies new structures based on what it learns from
an already available classification (For example the SCOP database). Work
on protein classification has been ongoing for over a decade using data mining
classifiers, such as neural networks [Cai 2000, Ding 2001, Huang 2003, Ie 2005]
and support vector machines (SVM) [Chen 2006, Melvin 2007, Shamim 2011].
However, knowing that protein data are presented in complex formats and
that mining tools often process data under the relational format, it will not
be possible to apply these tools directly on such data, ¢.e., a preprocessing
step is seen essential.

3.2 Preprocessing of proteins data for classification

Classification performance is heavily dependent on the quality of the input
data. Yet, real application data are usually incomplete (missing values, ab-
breviated data..), noisy (errors, exceptions..) or inconsistent (naming, coding
format..). These anomalies can be caused by a lot of factors that can be due
to human mistakes like writing mistakes or to program dysfunction like net-
work connection interruption or even the complex nature of raw data. Thus,
preprocessing is crucial to conduct an efficient classification |Zhang 2003b].

Data preprocessing is a very important yet often neglected step in the
data mining process (or KDD process). This task usually takes substantial
project time (between 70% and 80%), especially when many tasks are required
[Feelders 2000]. Preprocessing mainly relies on discovering a set of features
to convert raw data, that may be present in different scales and dimensions,
into a feature space within one same dimension.
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3.2.1 Feature discovery

There is broad interest in feature discovery among practitioners from statistics,
pattern recognition, and data mining. Feature discovery includes a set of
techniques that transform and simplify data so as to make data mining tasks
easier. These techniques can be clustered into three main categories namely,
feature extraction, feature construction and feature selection.

3.2.1.1 Feature / motif extraction

Feature extraction is a process that extracts a set of new features from the
raw data. These features have the particularity that they are subsets, regions,
parts of the raw data. In other words, they are particular pieces of data that
generally have the same nature and type of the raw data; they are also termed
motifs.

An important motivation behind feature extraction is that when we deal
with complex data and there is a lack of knowledge on them, we can de-
scribe them by certain parts of them. This kind of features can provide good
quality description allowing recognizing forms and objects. For example, in
the celebrity face recognition game, the candidate relies on few parts of the
celebrity face to recognize the person.

Feature extraction is not totally an independent issue from feature con-
struction and selection. For example, feature construction and feature selec-
tion can be viewed as two complementary tasks of feature extraction. We
can consider features as a representation language. In some cases where this
language contains more features than necessary, the selection helps simplify
the language; in other cases where this language is not sufficient to describe
the problem, feature construction helps enrich the language [Liu 1998|.

3.2.1.2 Feature construction

Feature construction is a process that generates new features either from other
features or from descriptions on raw data [Hasan 2009]. In the first case, fea-
ture construction can be performed by combining features to form compound
ones [Liu 1998]|. In the second case, descriptive characteristics can be built by
applying statistical operators on data [Zhang 2003a, Chen 2006]. In addition
the feature construction process may include discretization, normalization and
space embedding.

Discretization In many cases, data can contain a large number of possible
feature values. This contributes to slow and ineffective process of inductive
machine learning. Aiming to resolve this issue, discretization is used to reduce
the number of values for a given continuous attribute by dividing the range of
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the attribute into intervals. Hence, interval labels can be used to replace actual
data values. However, the choice of interval borders for the discretization of a
numerical value range remains an open problem in numerical feature handling.

Normalization Normalization aims to scale attributes to fall within a spec-
ified range. Mainly, three normalization techniques are used in the literature.
The first technique is min-max normalization applied on original data values
based on this formula:

V — Min

Vie ———
Max — Min

* (Maz' — Min') + Min' (3.7)
where V' is the new value, V is the original value, Max and Min are the
old maximum and minimum values, Max’ and Min' are the new maximum
and minimum values. In the case when min and max are unknown or when
there are outliers, normalization can be performed using Z-score normaliza-
tion. Here, values are scaled using mean and standard deviation:

B V — Mean

!
Vi= StDev (3.8)

The third technique is normalization by decimal scaling. The idea of this
technique is to move V' by j positions such that j is the minimum number of
positions moved so that absolute maximum value falls in [0..1]. Normalization
by decimal scaling is performed based on this formula:

Vv
!/
= — 3.9
0 (3.9)
Space embedding Given a set of features, it is possible to project or embed
the data into a lower dimensional space while keeping as much information
as possible. Hence, a smaller feature set is generated. Principal component
analysis is one classical technique to construct such features [Ding 2004].

3.2.1.3 Feature selection

Feature selection consists in choosing a subset of n features from the original
set of N features (n < N) so that the feature set is reduced according to
certain parameters [Liu 2007|. Although feature selection is mainly dedicated
to select relevant features, it can have other motivations , including:

- General data reduction, to limit storage requirements and increase com-
putation speed.

- Feature set reduction, to save resources in the next round of data collec-
tion or during utilization.
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- Performance improvement, to gain in predictive accuracy.

- Data understanding, to gain knowledge and improve the comprehensi-
bility about the learning results or the visualization .

Mainly, there exist three approaches for feature selection explained in the
following;:

e Embedded approaches: feature selection is included as part of the
mining algorithm.

e Filter approaches: features are first extracted then selected before
running the mining algorithm.

e Wrapper approaches: these approaches try to find the best attributes
subset without enumerating all subsets

3.2.2 Preprocessing framework for protein classification

Proteins are usually presented in two kinds of file format, namely the sequen-
tial formats (e.g., FASTA format) for the primary structure data and the
spatial formats (e.g., PDB format) for 3D data (See Appendix A):

- Sequential format: presents one or a list of protein’s primary struc-
tures. Each one is defined by string of characters where each character
is an abbreviation of the name of an amino acid.

- Spatial format: contains spatial coordinates of atoms present in a
protein structure.

Since these structures are not represented in a relational format, their
representation does not generally enable the use of well-known classification
techniques such as decision trees (DT), naive bayes (NB), support vector
machines (SVM) and nearest neighbour (NN) which have proved to be very
efficient in real data mining tasks |[Han 2006]. We recall that these classi-
fiers rely on data described in a relational format. Therefore, a set of at-
tributes must be created to describe the proteins to obtain a set of feature
vectors, where each vector represents a protein. Feature extraction (or mo-
tif extraction) is one major way to address this issue. Different studies have
been devoted to feature discovery in biological data, especially to motif ex-
traction [Huan 1998, Nevill-Manning 1998, Maddouri 2004, Yongqiang 2006b,
Yonggiang 2006a, Lopes 2008]. Motif extraction methods are generally based
on the assumption that the significant regions are better preserved during the
evolution because of their importance in terms of structure and/or function
of the molecule [Nevill-Manning 1998|, and thus that they appear more fre-
quently than it is expected. In [Maddouri 2004], authors have shown that
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feature discovery can efficiently contribute to the use of data mining algo-
rithms for the classification of biological data. In this case, the classification
obeys the knowledge discovery in data (KDD) process and hence comprises
three major steps namely, preprocessing step, mining step and postprocessing
step.

3.2.2.1 Preprocessing step

The preprocessing is composed of two main parts. The first part consists in
building a feature set allowing a reliable description of data, depending on the
case of study. The second part is concerned with how this description is per-
formed; in other words a function defining the relation between features and
instances is formulated. At the end of the preprocessing step, all instances are
encoded into vectors in the same dimension. The relational table comprising
all these vectors is called a learning context or feature space (Fig. 3.2).

Feature set One generic way to build the feature set is to follow these three
procedures:

1. Motifs are discovered using a feature extraction technique.

2. External characteristics can be constructed based on observation, statis-
tical metrics or motif processing.

3. The feature set is reduced using a feature selection technique in order to
keep uninteresting features.

At least one of the two first procedures must be performed to build a feature
set. The third procedure is not compulsory but it allows to reduce the feature
set dimension and to target the most interesting features. It can be either
separated or embedded in one of the two previous procedures.

Instance Encoding Preprocessing data with reference to a feature set allows
the use of motifs as well as external characteristics to describe the instances
under consideration. The nature of encoding may differ depending on the
nature of features.

Encoding using motifs The encoding in this case is dependent on the
presence of the motif in the instances. This presence can be expressed either
by incidence or by frequency.

Definition 14 (Incidence-based encoding) Given a set of objects O and
a set of features F = {f1, fo, .., fa}, an incidence-based encoding IbE over O
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is the function defined as below:

. /
E: |0 — (? (3.10)
o — 0 =[x1,29,.., 14
such that
|1 iffi occurs in o,i=1..d
T { 0  otherwise (3-11)

The main strengths (v') and weaknesses (x) of this encoding are:
v' Extremely simple model.

v' Well suited for most classifiers e.g., naive bayes, support vector machine,
nearest neighbour.

v Ease of interpretation.
v' Suited for other tasks rather than classification e.g., association rules.
x Feature abundance / paucity is not taken into account.

x Feature position is not taken into account.

Definition 15 (Frequency-based encoding) Given a set of objects O and
a set of d features F = {f1, fo, .., fa}, a frequency-based encoding FbE over O
is the function defined as below:

FbE: | O — O

o —> 0 =|x1,m9,.., 14

(3.12)

such that

n; = the number of occurrences of f; in 0,1 =1..d
z; =4 or (3.13)

7+— = the frequency of f; in 0,i =1..d

j=1"j

The main strengths (v') and weaknesses (x) of this encoding are:
v' Feature abundance / paucity is taken into account.
v" The instance description is more precise.
v’ Instance size is taken into account.
v/ Suited for multinomial bayesian classifier .
x Not suited for many classifiers relying on symbolic encoding.

x Not suited when the instances are imbalanced in terms of size.
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Figure 3.2: Preprocessing based on motif extraction. This figure describes the
process of protein encoding. The extracted motifs are used as attributes to build a
binary context where each row represents a protein.
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Encoding using external characteristics In this case, the encoding can
be simply done by describing instances using the provided characteristics, be
they numeric or symbolic.

3.2.2.2 Mining step

In the mining step, a classifier is applied to the learning context to generate a
classification model. The reliability of the produced model depends not only
on the classifier but also on the quality of the preprocessing and mainly the
interestingness of the feature space.

3.2.2.3 Postprocessing step

The latter model is used to classify other instances in the postprocessing
step. These instances are also encoded into a relational format using the
same features as for the learning context i.e., test context. In addition to the
evaluation of the classifier, this step allows also to evaluate the interestingness
of the feature space. In other words, the more reliable the feature space is,
the better the classifier performs.

3.3 Conclusion

In this chapter, we have introduced one of the most important problems in
bioinformatics, which is the classification of protein data. We have presented
this problem in a data mining framework, where we have mentioned a bench of
known classifiers and some techniques and metrics of evaluation. The raised
issue is that the data are described in unusual formats for the use of data
mining classification algorithms. To overcome this obstacle, a preprocessing
step should be implemented. One way to preprocess these data is based on
the extraction of features that will play the role of attributes. In the next
chapter, we will establish a comparative study of a preprocessing method of
protein sequences, we propose, with other literature methods.
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This chapter deals with the motif-based preprocessing of protein sequences for
their classification. We propose a novel encoding method that uses amino-acid
substitution matrices to define similarity between motifs during the extraction
step. We carry out a detailed experimental comparison (in terms of classifi-
cation accuracy and number of attributes) between several encoding methods
using various kinds of classifiers (C4.5 decision tree, NB, SVM and NN) as well
as the standard approach based on alignment and the Hidden-Markov-Model-
based approach. The outcomes of our comparative experiments confirm the
efficiency of our encoding method to represent protein sequences in classifica-
tion tasks. The subject of this chapter has been published in [Saidi 2010b].
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4.1 Background and related works

The sequential motif mining problem was first introduced by Agrawal and
Srikant in [Agrawal 1995]: Given a set of sequences, where each sequence
consists of a list of elements, and given a user-specified support threshold,
sequential motif extraction is to find all of the frequent subsequences, i.e., the
subsequences whose occurrence frequency in the set of sequences is no less than
the support threshold . Analogously, protein primary structures are commonly
known as strings of character (or sequences), where each character represents
an amino acid. Finding motifs of conserved amino acid residues in sets of
sequences is an important problem in computational biology, particularly in
the study of functionally related proteins [Wang 1994, Ollivier 1991]. In our
case (protein sequences), and based on the definition of motif provided in
Chapter 2, we can make the following definition:

Definition 16 (Sequential motif) This consists of a motif whose compos-
ing residues are contiguous in the primary structure i.e., it is a sub-chain
extracted from the protein chain.

In this section we present a bench of five existing methods of features
discovery: the N-Grams (NG), the Active Motifs (AM), the Amino Acid
Composition (AAC), the Functional Domain Composition (FDC) and the
Discriminative Descriptors (DD). After this, we describe our approach which
consists of modifying the DD method by the use of a substitution matrix

(DDSM)|[Saidi 2010b].

4.1.1 N-Grams

The simplest approach is that of the N-Grams, known also as N-Words or
length N fenestration |[Leslie 2002]. The motifs to be built have a predefined
length. The N-gram is a subsequence composed of N characters, extracted
from a larger sequence. For a given sequence, the set of the N-grams which
can be generated is obtained by sliding a window of N characters on the whole
sequence. This movement is carried out character by character. With each
movement a subsequence of N characters is extracted. This process is repeated
for all the analyzed sequences (Fig. 4.1). Then, only the distinct N-grams are
kept.

The N-Grams are widely used in information retrieval and natural lan-
guages processing [Khreisat 2009, Mesleh 2007]. They are also used in local
alignment by several alignment systems such as Blast [Altschul 1990]. The
N-Grams extraction can be done in a O(m * n * N) time, where m is the
maximum length of a sequence, n is the number of sequences in question and
N is the motif length.
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Figure 4.1: Extraction of 2-grams from the 3 sequences. FFVV, NVVI and INNVL.
For each sequence of length m, the number of extracted N-Grams is: m — N + 1

4.1.2 Active Motifs

This method allows extracting the commonly occurring motifs whose lengths
are longer than a specified length, called Active Motifs, in a set of biological
sequences. The activity of a motif is the number of matching sequences given
an allowed number of mutations [Wang 1994]. The motif extraction is based
on the construction of a Generalized Suffix Tree (GST) which is an extension
of the suffix tree [Hui 1992| and is dedicated to represent a set of n sequences
indexed each one by ¢ = 1..n. Each suffix of a sequence is represented by
a leaf (in the shape of a rectangle) labelled by the index i of this sequence.
It is composed by the concatenated sub-sequences labelled on the root-to-
leaf i path. Each non-terminal node (in the shape of a circle) is labelled
by the number of sequences to which belongs its corresponding sub-sequence
composed by the concatenation of the sub-sequences labelled on the arcs which
bind it to the root (Fig. 4.2). The candidate motifs are the prefixes of strings
labelled on root-to-leaf paths which satisfy the length minimum. Then, only
motifs having an acceptable activity will remain.

There are several algorithms used for the construction of the GST. Wang
affirms that the GST can be built in a O(m % n) time [Wang 1994|, where m
the maximum size of a sequence and n the number of sequences in question.
To extract the motifs which satisfy the conditions of research, it is necessary
to traverse the entire tree. That is to say a complexity of O((m x n)?).

4.1.3 Amino Acid Composition

According to the classic definition of this method, the feature set con-
sists of 20 components, representing the 20 native amino acids in proteins.
The amino acid composition refers to the occurrence frequency of each of
these 20 components in a given protein. Since the information in the pri-
mary sequence is greatly reduced by considering the amino acid composi-
tion alone, other considerations have been taken into account within sev-
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Figure 4.2: GST illustration for the 3 sequences. FFVV, NVVI and INNVI. If we
suppose that only exactly coinciding segments occurring in at least two sequences
and having a minimum length of 2 are considered as active. Then we have 3 active

motifs: VV, VI and NV.

eral studies such as the sequence-order correlation factors i.e., new fea-
tures were added to the 20 original which yielded several AAC variants
[Zhang 1995, Zhou 1998, Chou 2003, Zhang 2003a, Chen 2006].

4.1.4 Functional Domain Composition

Biological databases, such as PFAM [Finn 2010] and ASTRAL, contain large
collections of multiple sequence alignments and Hidden Markov Model (HMM)
profiles covering many common protein domains and families [Johnson 2006,
Finn 2010]. Functional domains are determined using computational means,
especially HMM profiles, combined with biologist knowledge and other
databases information. Since they allow variable length gaps between sev-
eral components, where each component is a simple motif, functional domains
can be considered as structured motifs [Yonggiang 2006b, Yongqiang 2006a].
But they are more reliable since they obey the expert assessment.

4.1.5 Descriminative Descriptors

Given a set of n sequences, assigned to P families (or classes) Fy, Fs, .., Fp, this
method consists of building substrings called Discriminative Descriptors DD
which allow to discriminate a family F; from other families F}, with ¢ = 1..P
and i # j [Maddouri 2004]. This method is based on an adaptation of the
Karp, Miller and Rosenberg (KMR) algorithm [Karp 1972 (see Appendix C).
This algorithm identifies the repeats in character strings, trees or tables. The
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extracted repeats are then filtered in order to keep only the discriminative
and minimal ones.

A substring X is considered to be discriminative between the family F; and
the other families F};, with ¢ = 1..P,7 = 1..P and 7 # j if:

number of sequence of F; where X appears

(4.1)

total number of sequences of F;

number of sequence of F; where X appears

<p (4.2)

total number of sequences of Fj

where o and [ are user-specified thresholds between 0 and 1.

4.2 Descriminative Descriptors with Substitution Ma-
trix

In the case of protein, the Discriminative Descriptors method neglects the fact
that some amino acids have similar properties and that they can be therefore
substituted by each other while changing neither the structure nor the function
of the protein [Henikoff 1992]. Indeed, we can find several motifs in the set
of the attributes generated by the DD method, which are similar and can
derive all from a single motif. In the same way, during the construction of the
context (binary table), we are likely to lose information when we denote by 0
the absence of a motif while another one, that can replace it, already exists
[Saidi 2010b].

As mentioned, the similarity between motifs is based on the similarity
between the amino acids which constitute them. Indeed, there are various
degrees of similarity between amino acids. Since there are 20 amino acids, the
mutations between them are scored by a 20 x 20 matrix called a substitution
matrix [Henikoff 1992, Leslie 2002, Malde 2008|.

4.2.1 Terminology

Let € be a set of n motifs, denoted each one by Q[p],p = 1..n. can be divided
into m clusters. Each cluster contains a main motif M* and probably other
motifs which can be substituted by M*.

Definition 17 (Main motif) The main motif is the one which can substi-
tute all motifs in its cluster and has the highest mutation probability.

Definition 18 (Mutation probability) The mutation probability of a mo-
tif M 1s its probability of mutating to another motif in its cluster. For a motif
M of k amino acids, this probability, noted P,,(M), is based on the probability
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P;(i = 1..k) that each amino acid M]i] of the motif M does not mutate to any
other amino acid. We have:

P,=1-]]F (4.3)

P; is calculated based on the substitution matrix according to the following

formula:

5], M)
>ojmy SH(MI), AAy)

S(x,y) is the substitution score of the amino acid y by the amino acid x as it

appears in the substitution matriz. St(x,y) indicates a positive substitution
score. AA; is the amino acid of index j among the 20 amino acids.

(4.4)

i

Definition 19 (Motif substitution) For our purpose, a motif M substi-
tutes a motif M’ if:

1. M and M’ have the same length k,
2. S(Mi], M'[i]) > 0, i = 1.k,
3. SP(M,M") > T, T is a user-specified threshold such that 0 <T < 1.

Definition 20 (Substitution probability) We denote by SP(M,M’) the
substitution probability of the motif M’ by the motif M having the same length
k. It measures the possibility that M mutates to M':

S (M, M")

SP(M, M) = S5 Al

(4.5)

Sm(X,Y) is the substitution score of the motif Y by the motif X. It is com-
puted according to the following formula:

k

Sm(X,Y) =) " S(X[i], i) (4.6)

=1

Lemma 1 For a motif M, if P, (M) = 0 then M is a main motif belonging
to a singleton.

Proof 1 According to equation (4.3) in definition 18, P,(M) = 0 if
Hlepi = 1. That means, according to equation (4.4), that every amino
acid in M has no substitute in the substitution matriz but itself. Therefore,
M can not be substituted by any other motif in €2 and it composes a singleton.

Lemma 2 There is only one best motif which can substitute a motif M i.e,
itself.
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Proof 2 According to any substitution matriz, the amino acids which consti-
tute a motif M are better substituted by themselves i.e., S(a,a) > S(a,b), a

and b are amino acids. Therefore S, (M, M) > S,,(M,M"), M' is another
motif of same length.

Proposition 1 If two motifs M and M’ satisfy the substitution conditions in
definition 19 then the substitution probability SP(M, M') is between 0 and 1.

Proof 3 Lemma 2 and equation (4.5) induce that SP(M,M") < 1. The
second condition in definition 19, equation (4.5) and equation (4.6) induce

that SP(M, M') > 0.

4.2.2 Methodology

The encoding method is composed of two parts. First, the number of extracted
motifs will obviously be reduced because we will keep only one motif for each
cluster of substitutable motifs of the same length. Second, we will modify
the context construction rule. Indeed, we will denote by 1 the presence of a
motif or of one of its substitutes. The first part can be also divided into two
phases: (1) identifying clusters’ main motifs and (2) filtering. (1) The main
motif of a cluster is the one that is the most likely to mutate to another in
its cluster. To identify all the main motifs, we sort €2 in a descending order
by motif lengths, and then by P,,. For each motif M’ of 2, we look for the
motif M which can substitute M’ and that has the highest Pm (probability of
mutation to another motif). The clustering is based on the computing of the
substitution probability between motifs. We can find a motif which belongs
to more than one cluster. In this case, it must be the main motif of one of
them. (2) The filtering consists of keeping only the main motifs and removing
all the other substitutable ones. The result is a smaller set of motifs which
can represent the same information as the initial set.

4.2.2.1 Algorithm

The main motifs identification and the filtering are performed by the simplified
Algorithm 1.

4.2.2.2 Complexity

Suppose () contains n motifs of [ different lengths and suppose k is the max-
imum motif length. Q can be sorted in O(nlogn). Searching for the main
motifs requires browsing €2 and for each motif, browsing at worst all motifs of
the same length to check the substitution (definition 19). This can be done
in O((n?/l) * k). Deleting non-main motifs can be done in O(n). Hence, the
time complexity of this algorithm is O((n?/1) x k).
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Algorithm 1: MAINMoOT
Data: Q: set of n initial motifs.

Result: Q*: set of main motifs.
begin
sort Q in a descending order by (motif length, P, );
foreach Q[i] € Q, fromi=mn to 1 do
if P, (92[i]) =0 then
L Q[i] becomes a main motif;

else
x +— position of the first motif having the same length as Q[i];
for each Q[j] from j =z to i do
if Q[j] substitutes Q[i] or j =i then
Q7] becomes a main motif;
L break;

foreach each motif M € ) do
if M is not a main motif then

L delete M;

Qe

Table 4.1: Motif clustering example. €2 is a set of motifs sorted by their lengths and
P,,. The third row shows the cluster main motifs.

Q LLK IMK VMK GGP RI RV RF RA PP

Py, 0.89 087 0.86 0 0.75 072 0.72 0.5 0
Main motif LLK LLK LLK GGP RI RI RI RV PP

4.2.3 Illustrative example

Given a Blosum62 substitution matrix and the following set of motifs (Table
4.1) sorted by their lengths and Pm, we assign each motif to a cluster repre-
sented by its main motif. We get 5 clusters illustrated by the diagram shown
in Fig. 4.3.

4.3 Experiments

4.3.1 Aims and datasets

NG, AM, DD and DDSM encoding methods are implemented in C language
and gathered into a DLL library (Appendix B). The accepted format of the
input files is the FASTA format for biological sequences files. The library code
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Figure 4.3: Motif clustering example. This figure illustrates the set of clusters and
main motifs obtained from the data of Table 1 after application of our algorithm.
RV belongs to 2 clusters and is the main motif of one of them.

that we have implemented generates relational files under various formats such
as the ARFF format used by the workbench WEKA [Witten 2005] and the
DAT format used by the system DisClass [Maddouri 2004].

Our experiments are divided into 2 parts. In the first one, we make a
detailed comparison between NG, AM, DD and DDSM encoding methods. We
perform the sequence classification using DT, SVM, NB and NN algorithms.
We also conduct classification experiments using Blast [Altschul 1990] and
the HHM tool HMMER [Johnson 2006, Eddy 2008|. For Blast, we assign to a
protein query the class of the reference sequence with the best hit score. As for
HMMER, the key idea is very similar to the alignment based approach i.e., we
first create an HMM-profile for each protein group (class), then we score the
query sequence against all the created profiles, and the query protein sequence
takes the class of the HMM-profile having the best hit score. Our method
(DDSM) constructs the features using the substitution matrix Blosum62. The
choice of this substitution matrix is not based on preliminary experiments, but
instead on the fact that it is the most used by alignment tools, especially the
widespread Blast. We examine three aspects:

1. The effect of each encoding method on the four classifiers to deduce
which one is the best in terms of accuracy and number of generated
attributes.

2. The comparison of the four classifiers while varying the encoding meth-
ods.

3. The comparison with Blast and HMM results.
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In the second part, we try to assess the effect of varying the substitution ma-
trices on our method and on the classification quality and hence to determine
whether there is a substitution matrix which could be recommended. Then
we compare our feature-construction method with other ones presented in
[Zhou 1998, Yu 2006, Chen 2006], which means that we compare with nine re-
lated works [Zhou 1998, Cai 2000, Cai 2001, Cao 2006, Chou 1989, Feng 2005,
Nakashima 1986, Yu 2006, Chen 2006].

4.3.1.1 Part 1

To perform our experiments, we use 5 datasets comprising 1604 protein se-
quences from Swiss-Prot [Bairoch 2000] and SCOP [Andreeva 2004] described
in Table 4.2.

Table 4.2: Experimental data. IdP: Idenity Percentage, Tot: Total.

Dataset (source) IdP Family/class Size Tot

DS1 (Swiss-prot) 48%  High-potential Iron-Sulfur Protein 19 60
Hydrogenase Nickel Incorporation Pro- 20
tein HypA
Hlycine Dehydrogenase 21

DS2 (Swiss-prot) 48%  Chemokine 255 510
Melanocortin 255

DS3 (Swiss-prot) 25% Monomer 208 717
Homodimer 335
Homotrimer 40
Homotetramer 95
Homopentamer 11
Homohexamer 23
Homooctamer 5

DS4 (Swiss-prot) 28% human TLR 14 40
Non-human TLR 26

DS5 (SCOP) 84%  All-ac domain 70 277
All-8 domain 61
o/ domain 81
a + 8 domain 65

We try to conduct our experiments on various kinds of datasets. These
datasets differ from one another in terms of size, number of class, class dis-
tribution, complexity and sequence identity percentage. The first dataset
DS1 contains 3 distinct and distant protein families. We suppose that clas-
sification in this case will be relatively easy since each family will proba-
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bly have preserved patterns which are different from those of other families
[Nevill-Manning 1998]. DS2 represents a bigger dataset comprising two sub-
families of protein sequences belonging to the Rhodopsin Like/Peptide family.
However, the datasets DS3 and DS4 present more difficult classification prob-
lems. DS3 contains seven classes that represent seven categories of quaternary
(4D) protein structure with a sequence identity of 25%. The problem here lies
in recognizing the 4D structure category from the primary structure. In this
case, an important question is to be answered: does the primary structure
contain sufficient information to identify the 4D structure? The task relative
to DS4 is that of distinguishing between the human Toll-like Receptors (TLR)
protein sequences and the non-human ones. The difficulty is due to the struc-
tural and functional similarity of the two groups. The choice of this dataset
came after Biologists of Pasteur Institute of Tunis (PIT) asked to help them
in identifying TLR families especially human ones among the 40 TLR that ex-
ist. DS5 consists of 277 domains: 70 all-a domains, 61 all-5 domains, 81 /3
domains, and 65 o+ domains from SCOP [Andreeva 2004|. This challenging
dataset was constructed by Zhou [Zhou 1998] and has been extensively used to
address structural class prediction [Cai 2000, Cai 2001, Cao 2006, Chou 1989,
Feng 2005, Nakashima 1986, Chen 2006, Zhou 1998|.

4.3.1.2 Part 2

In this part, we consider again the datasets DS3, DS4 and DS5 since they
are considered to be delicate classification tasks and can thus reveal valuable
information about the efficiency of the classifiers and the feature-construction
methods. We try to investigate the effect of the substitution matrices vari-
ation on the quality of our encoding method and hence on the classification
quality using C4.5, SVM, NB and NN algorithms. We employ all the substi-
tution matrices used by the standalone version of Blast and belonging to the
two well-known families: Blosum [Henikoff 1992] and Pam [Dayhoff 1978] i.e.,
Blosum45, Blosum62, Blosum80, Pam30, Pam70, Pam 250.

Since DS3 is the same dataset as in [Yu 2006], these experiments allow us
to compare our encoding method with other related ones presented in that
paper, where the nearest neighbour algorithm NN was coupled with each
of the following methods: functional domain composition FDC, amino acid
composition AAC and Blast alignment tool [Altschul 1990|, to predict the
quaternary structures categories of the proteins. In fact, the investigation
of the quaternary structures prediction using computational tools remains a
task with important implications for many reasons. First, these structures
are involved in many biological processes and have direct link with known
diseases like sickle-cell anaemia. Second, the in vitro methods are very slow
and costly in spite of being accurate. This comparison allows us to assess
whether our feature-construction method could offer any benefits over the
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above-mentioned methods quoted in [Yu 2006] while using the same classifier
(NN) and learning technique (leave-one-out).

Since prior information on the structure of a protein can provide useful
information about its function, many other works similar to [Yu 2006] have
investigated this topic [Cai 2000, Cai 2001, Cao 2006, Chou 1989, Chou 2000,
Chou 2003, Chou 2004, Feng 2005, Nakashima 1986, Song 2004, Zhang 2003a,
Zhang 2006, Chen 2006, Zhou 1998]. These works often use different kinds of
amino acid composition or functional domain composition to deal with the
prediction of oligomeric proteins or protein structural classes. DS5 represents
a challenging dataset that has been extensively used to address structural class
prediction [Chen 2006]. This allows us to compare our method with several
works existing in the literature.

4.3.2 Protocol

The computations are carried out on a computer with an Intel Centrino 1.6
GHz CPU and 1GB of main memory. Results are shown in the next sub-
sections tables. Best accuracies, for each dataset, are shown in bold and
results below minimum accepted values results are underlined. The minimum
accepted value (MAV) is obtained by assigning all the sequences of a dataset
to its biggest class. Hence, we have 35%, 50%, 46.7%, 65% and 29.2% as MAVs
respectively for DS1, DS2, DS3, DS4 and DS5. We also show the number of
attributes generated by each method.

In the classification process, we use the leave-one-out technique [Han 2006]
also known as jack-knife test. For each dataset (comprising n instances),
only one instance is kept for the test and the remaining part is used for the
training. This action is repeated n times. The leave-one-out is considered to be
the most objective test technique compared to the other ones ¢.e., hold-out,
n-cross-validation. Indeed the leave-one-out test allows to obtain the same
classification results regardless of the number of runs, which is not the case
for the other tests (see the monograph [Mardia 1979| for the mathematical
principle and [Chen 2006] for a comprehensive discussion). For the encoding
methods, we use default parameters i.e., NG (N = 3), AM (min—length = 3,
activity = 25%), DD and DDSM (a = 0, 5 = 0 except for DS3 where 5 = 1 to
reduce the runtime), DDSM (substitution matrix = Blosum62, substitution
probability threshold 7" = 0.9). These parameters can also be specified by
users.

We recall that in part 1, we use the following classifiers: C4.5 decision
tree, support vector machine SVM, naive bayes NB and nearest neighbour
algorithm NN of the workbench WEKA [Witten 2005]. We generate and test
the classification models; then we report the classification accuracy (rate of
correctly classified sequences). Moreover, we conduct the leave-one-out test
on the same datasets using Blast as already explained in Section 4.3.1. In
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part 2, we investigate any potential effect of the substitution matrix variance
on the features building and the classification quality, and then we compare it
with other classification systems quoted in [Zhou 1998, Yu 2006, Chen 2006].

4.4 Results and discussion

4.4.1 Part 1 results

The experimental results vary according to the input data (Table 4.3 and Table
4.4). The classification of the datasets DS1 and DS2 was relatively easy, as
expected. Each family probably has its own motifs which characterize and
distinguish it from the others. This explains the high accuracies reached by
all the classifiers with all the encoding methods. But it is notable that the
N-Grams encoding gave the best results although it is the simplest method to
use. Moreover, since this kind of classification is easy, it does not require any
sophisticated preprocessing and can simply be addressed by using alignment
tools; indeed Blast arrived at full accuracy and and HMM scored almost as
well as Blast(Table 4.4).

As for DS3, classification represents a real challenge. In fact, it is comprised
of 717 sequences unequally distributed into seven classes which represent seven
quaternary protein structure categories. It is a question of predicting the 4D
structure based only on the primary structure without any complementary
information. The AM method could not be used because it generates a great
number of attributes (dashes in Table 4.3). The obtained accuracies with the
NG and the DD methods were below the MAV (within 20.9% and 43.2%), in
the same way HMMER failed to provide an acceptable result (28.7%). The
result obtained by Blast was acceptable (69.60%) while the best accuracy
reached (79.2%) was obtained with the DDSM method (Fig. 4.4 illustrates a
sample of ROC curves |[Zweig 1993| of the NB classifier based on the DDSM,
DD and NG encoding methods with Homotetramer as the positive class from
DS3).

The dataset DS4 was not as easy to classify as DS1 and DS2 since the hu-
man TLR and the non-human TLR resemble each other in terms of function
and structure. Indeed the two classes share many similar parts, making it dif-
ficult to discriminate them. That is why alignment based classification (using
Blast) didn’t reach full accuracy as it did for the two first datasets. HMM
allowed to abtain an accuracy above the MAV but it was less efficient than
Blast. The NG and the AM encoding seem to be inefficient since they gave
accuracies below the MAV with two classifiers. The DD method outperforms
the two previous methods (NG and AM). Since it adopts a discriminating
approach to build the attributes, it allowed a better distinction between the
human TLR and the non-human TLR. But, to improve classification in the
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Table 4.3: Data mining classifiers coupled with encoding methods. Mtr: Metric,
Clfr: Classifer, CA: Classification Accuracy(%), NA: Number of Attributes.

Encoding method
Data Mtr Clfr NG AM DD DDSM

DS1 CA C45 96.7 95 95 96.7
SVM 96.7 93.3 96.7 96.7

NB 86.7 90 81.7 80

NN 63.3 783 60 61.7

NA 4935 2060 4905 2565

DS2 CA C45 996 994 99.8 99.4
SVM 100 99.4 100 100

NB 100 74.7 100 100

NN 100 100 100 98.8

NA 6503 7055 10058 1312

DS3 CA C45 364 - 36.7 79.2
SVM 432 - 43.2 78.94

NB 432 - 43.1 59.4

NN 209 - 21.3 7

NA 7983 - 8403 508

DS4 CA C45 60 7.5 775 82.5
SVM 67.5 65 87.5 87.5

NB 57.5 40 92.6 95

NN 52.5 60 80 80

NA 5561 3602 7116 9505

DS5 CA C45 755 751 679 73.3
SVM 84.1 81.2 823 82.3

NB 773 63.7 845 85.9

NN 80.5 794 78 78

NA 6465 2393 13830 13083

dataset DS4, it is necessary to take into account the phenomenon of muta-
tion and substitution between the amino acids which constitute the protein
sequences. Indeed, the DDSM method made it possible to reach the high-
est precisions with all the classifiers, while reducing the number of generated
attributes.

Experimental results obtained with DS5 show a good performance for all
the encoding methods, though no full accuracy was reached. We can notice
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Table 4.4: Comparison between Blast, Hmmer and DDSM in terms of accuracy (%).

Dataset Blast Hmmer (DDSM & SVM) Best of DDSM

DS1 100 100 96.7 96.7
DS2 100 99.21 100 100
DS3 69.60 28.73 78.94 79.2
DS4 78.57 70 87.5 95
DS5 78.3 82.76 82.3 85.9
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Figure 4.4: ROC curve samples for the NB classifier in the dataset DS3 with the
DDSM, DD and NG encoding methods. The positive class is Homotetramer. This
figure shows a sample of ROC curves of the NB classifier based on the DDSM,
DD and NG encoding methods with Homotetramer as the positive class (DS3). It
appears that the DDSM based ROC curve is obviously higher than the two other
ones.
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that NG performed very well and allowed to improve results with the classifiers
C4.5, SVM and NN. Blast allowed also to obtain good accuracy which is due to
the high identity percentage within the dataset and the result was even better
with HMMER. But, the best accuracy was obtained with DDSM (=~ 86%).

4.4.2 Part 2 results

In this section, we study the effect of the substitution matrice variation on the
classification by applying some of the most often used substitution matrices
belonging to the two well-known families: Blosum and Pam [Henikoff 1992,
Dayhoff 1978]. These matrices are the same used by the standalone version
of Blast [Altschul 1990].

Substitution scoring is based on the substitution frequencies seen in mul-
tiple sequence alignments, yet it differs from Pam to Blosum. Whereas the
Pam matrices have been developed from global alignments of closely related
proteins, the Blosum matrices are based on local multiple alignments of more
distantly related sequences. This would have an effect on the representation
size. Indeed, the number of constructed features varies from a substitution
matrix to another. Blosum matrices with low numbers and Pam matrices with
higher numbers allow the building of fewer features since they score highly the
substitution between amino acids. This would yield larger clusters of substi-
tutable motifs, and hence fewer main motifs i.e., fewer features (see Sections
4.2.2 and 4.2.3). However, the variances of accuracies are slight when varying
the substitution matrices with the same classifier (Table 4.5, Table 4.6 and Ta-
ble 4.7). Moreover, no substitution matrix allows obtaining the best accuracy
for all the classifiers. We can even notice contradicting results; indeed, in DS3
and DS4, NN algorithm performs worse when coupled with Pam30, while the
same matrix allows SVM to reach its best accuracy. The same phenomenon is
noticed in DSH with the classifiers C4.5 and SVM and the matrix Pam250. If
one looks for reduced-size representation, Blosum matrices with low numbers
and Pam matrices with higher numbers are recommended.

Since we used the same dataset (DS3) and the same assessment tech-
nique (leave-one-out) as in [Yu 2006], we compare our feature-building method
(DDSM with default parameter values: o = 0, 5 = 0, substitution matrix =
Blosum62, substitution probability threshold T = 0.9) with the ones studied
in [Yu 2006] (FDC, AAC, and Blast coupled each one with the nearest neigh-
bor algorithm NN). Comparative results are reported in Table 4.8. We can
notice that the worst results were obtained with the AAC method. Indeed,
the obtained results were below the MAV 46.7%. Blast arrived at better re-
sults, but the accuracy was not very high. In fact, an analysis of the Protein
Data Bank (PDB) [Berman 2000], where the protein structures are deposited,
reveals that proteins with more than 30% pairwise sequence identity have sim-
ilar 3D structures [Sander 1991]. But in our case we process a dataset with
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Table 4.5: Experimental results per substitution matrix for DS3.

Substitution matrix Attributes Accuracy (%)

C4.5 SVM NB NN
Blosum45 377 78.5 79.2 59.4 777
Blosum62 508 79.2 789 59.4 77
Blosum80 532 77.6  80.5 60 77.6
Pam30 2873 7.8 82 60.3 76.7
Pam70 802 78.1  80.5 60.5 77
Pam250 1123 7.3 794 59.6 78.7

Table 4.6: Experimental results per substitution matrix for DS4.

Substitution matrix Attributes Accuracy (%)

C4.5 SVM NB NN
Blosum45 5095 82.5 85 95 80
Blosum62 5505 82.5 87.5 95 80
Blosum80 5968 72.5  87.5 92.5 80
Pam30 7005 82.5  92.5 92.5 65
Pam70 5846 825 85 92.5 80
Pam250 1948 82.5 T77.5 95 80

Table 4.7: Experimental results per substitution matrix for DS5.

Substitution matrix Attributes Accuracy (%)

C4.5 SVM NB NN
Blosum45 12603 69.3 82.3 85.9 78
Blosum62 13083 73.3 823 85.9 78
Blosum8&80 13146 70.1  82.3 84.1 78
Pam30 13830 69.3 82.3 84.5 78
Pam70 13822 704  82.3 84.5 78

Pam250 1969 66.1  85.2 79.4 78
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Table 4.8: Comparison with results reported in [Yu 2006] for DS3.

Methods Accuracy % Correctly classified sequences
DDSM & C4.5 79.2 568
DDSM & SVM  78.9 588
DDSM & NB 59.4 434
DDSM & NN 77 564
FDC & NN 75.2 539
AAC & NN 414 297
Blast-based 69.6 499

a sequence identity of 25%. The FDC method seems to be promising since it
allowed reaching an accuracy of 75.2%. But our method was quite better and
enabled to reach the highest accuracy rates among the mentioned methods
and also coupled with the same classifier i.e., NN algorithm (77%). If we look
for better classification systems we can consider the combinations (DDSM &
C4.5) or (DDSM & SVM). In addition, higher accuracy can be obtained by
using the combination (DDSM & SVM) and the matrix Pam30 which enabled
to reach an accuracy of 82% (Table 4.8). This indicates that SVM coupled
with our encoding method DDSM represents an efficient system for protein
classification.

In the same way, the use of the same dataset (DS5) and the same
validation technique (leave-one-out) as in [Chen 2006, Zhou 1998] allowed
us to compare our method with these two works as well as six others
[Cai 2000, Cai 2001, Cao 2006, Chou 1989, Feng 2005, Nakashima 1986]. In
these studies, variants of the amino acid composition AAC have been proposed
to encode protein sequences and then coupled with a classifier to predict the
protein structural classes. These works are based on the assumption that
there is a strong correlation between the AAC and the structural class of a
protein. In Table 4.9, we report the results obtained by our method (DDSM
with default parameter values: o = 0, 8 = 0, substitution matrix = Blosum-
62, substitution probability threshold T'= 0.9) coupled with C4.5, SVM, NB
and NN as well as the results of the related works (in Table 4.9, AACx means
the AAC variant presented in the paper x). We can claim that our encoding
method generally outperforms any AAC encoding method proposed by the
above-mentioned works. In [Chen 2006], authors coupled three kinds of AAC
with SVM i.e., (AAC & SVM), (pair-coupled AAC & SVM) and (PseAAC &
SVM). In the best case, they reached an accuracy of 80.5%, whereas the com-
binations (DDSM & SVM) and (DDSM & NB) allowed reaching respectively
82.3% and 85.9% of accuracy. To enhance their results, authors in [Chen 2006]
proposed a fusion network that combines the results obtained by the three
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proposed combinations and they arrived at an accuracy of 87.7%. Although,
this result is slightly superior to ours, it does not mean that their encoding
method outperforms DDSM. Indeed, the improvement of their results comes
from the fusion network classifier and not from the AAC variants they use.
Moreover, in most of these related works [Chen 2006, Zhou 1998, Cai 2000,
Cai 2001, Cao 2006, Chou 1989, Feng 2005, Nakashima 1986|, authors per-
form a fine-tuning to look for the classifier parameter values allowing to get
the best results, whereas we just use the default parameter values of both our
encoding method and the classifiers as found in WEKA [Witten 2005]. This
fine tuning allowed to reach competitive accuracies which is the case of the
combination (AAC & LogitBoost) |Feng 2005]. We believe that we can also
reach higher accuracies if we perform a fine-tuning of the parameters of our
method and the classifiers. But, we chose to just use the default parameter
values to make it easier for users who may have no prior knowledge on what
these parameters mean or how to specify them.

4.5 Conclusion

In this chapter we have proposed a new method of feature extraction to pre-
process protein sequences. We have demonstrated its efficiency by comparing
it with existing methods mainly in terms of classification accuracy. In the next
chapter we introduce another aspect of comparison. We explore the robust-
ness of motif extraction methods with respect to perturbations within input
data. We propose new metrics to measure that robustness.
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Table 4.9: Comparison with results reported in [Chen 2006] and [Zhou 1998] for DS5.

Methods Accuracy % Correctly classified seq
DDSM & C4.5 73.3 203
DDSM & SVM 82.3 228
DDSM & NB 85.9 238
DDSM & NN 78 216
Blast-based 78.3 220
AACCpen 2006 & SYM 80.5 223
pair-coupled AAC ey, 2006 & SVM [Chen 2006] 77.6 215
SVM fusion |Chen 2006 87.7 243
AAC 7104 1998 & Component coupled [Zhou 1998 79.1 219
>>O_Owoc 1989] & City-block distance [Chou 1989 59.9 166
AACNakashima 1986] & Euclidean distance [Nakashima 1986] 55.2 153
>>Q_08 2000] & Neural network [Cai 2000] 4.7 206
>>Ozu@bm 2005] & LogitBoost [Feng 2005] 84.1 233
79.4 219

AAC (a0 2006 & Rough Sets [Cao 2006]
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Several previous works have described feature extraction methods for bio-
sequence classification, but none of them discussed the robustness of these
methods when perturbing the input data. In this chapter, we introduce the
notion of stability of the generated motifs in order to study the robustness of
motif extraction methods. We express this robustness in terms of the ability
of the method to reveal any change occurring in the input data and also
its ability to target the interesting motifs. We use these criteria to evaluate
and experimentally compare four existing extraction methods for biological
sequences. The subject of this chapter has been published in [Saidi 2010a,
Saidi 2012a).



Chapter 5. New stability Metrics for Feature Extraction in protein
64 Sequences

5.1 Background and related works

Several motif extraction methods have been proposed. Meanwhile, various
studies have made assessments and comparisons between these methods and
have tried to study the impact of one method or another on the quality of the
learning task to be performed (classification, prediction, shape recognition,
etc). So, the best methods are those that allow having the best values of
quality metrics such as accuracy rate in the case of supervised classification.

In this chapter, we introduce the concept of stability to compare motif
extraction methods. We call stability of a motif extraction method from a
dataset, the non-variability in its set of motifs, when applying a technique of
variation on the input data. The robustness of a method is the coupling of
the non-stability and the ability to retain or improve the quality of the asso-
ciated data mining task. In our case, we will use the supervised classification
accuracy as a quality measure.

Concrete motivations behind the above-mentioned stability can be found
within distributed systems and grid computing environments that are mining
huge amounts of data. In such environments, the variation of data is a common
fact. This variation can be due to various events such as failed transfer of data
portions, loss of communication between nodes of the distributed system, data
updating, etc. Another motivating application is information retrieval from
biological databases (such as GenBank [Benson 2009], EMBL[Stoesser 2002],
UniProt|Bairoch 2005]). The problem here lies in the fact that every database
has its own terminology and procedures which sometimes yield related but not
identical data |[Zhao 2008|. Since the retrieved data are the main materials of
several delicate processes in both industry and research like disease manage-
ment and drug development, it is crucial for database researcher, bioscience
user and bioinformatics practitioner to be aware of any change in the prepara-
tion data samples |[Topaloglou 2004]. In addition, with the exploding amounts
of data submitted to the biological databases, there is an increasing possibility
of finding erroneous data. In such conditions, it is important to make sure
that the motif extraction methods, which are the start point of any mining
process, are robust enough to detect even slight variations in input data like
does any good sensor when describing its context environment.

The topic of stability with respect to motif extraction methods has not
been studied in the literature. However, this aspect was slightly studied in
a very close field to the extraction which is the feature selection [Pavel 2007,
Yvan 2008, Dunne 2002, Kalousis 2007, Somol 2008, Yu 2008].

In [Pavel 2007], authors propose a measure which assesses the stability of
feature selection algorithms with respect to random perturbation in data. In
this work, the stability of feature selection algorithms can be assessed through
the properties of the generated probability distributions of the selected feature
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subsets. The interestingness is, of course, in feature selection algorithms that
produce probability distributions far from the uniform and close to the peak
one. Given a set of features, all possible feature combinations of size k are
considered achieving n feature subsets. The frequencies F' of selected feature
subsets are recorded during data perturbation in a histogram. For a size k,
the stability Sy is measured based on the Shannon entropy:

Sk:—ZElogE. (5.1)
i=1

In [Yvan 2008|, authors perform an instance sub-sampling to simulate data
perturbation. Feature selection is performed on each of the n sub-samples,
and a measure of stability is calculated. The output f of the feature se-
lection applied on each sub-sample is compared to the outputs of the other
sub-samples using Pearson correlation coefficient [Cohen 1988|, the Spearman
rank correlation coefficient [Yule 1950] and the Jaccard index [Real 1996] as
similarity measure noted S. The more similar all outputs are, the higher the
stability measure will be. The overall stability can then be defined as the
average over all pairwise similarity comparisons:

2 % 2?2—11 Z;’L:i+1 S(fis f5)
n(n —1) '

Stotal = (52)

In [Dunne 2002], different sub-samples (or training sets) are created using
the same generating distribution. Stability quantifies how different training
sets affect the feature selection output. Authors take into account three types
of representations for feature subsets. In the first type, a weight or score is
assigned to each feature indicating its importance. The second type of repre-
sentation, ranks are assigned to features. The third type consists only of sets
of features in which no weighting or ranking is considered. Measuring stabil-
ity requires a similarity measure for feature representations. This obviously
depends on the representation used by a given feature selection algorithm to
describe its feature subset. The authors used three similarity measures: the
Pearson’s correlation coefficient, the Spearman rank correlation coefficient and
the Tanimoto distance.

5.2 Robustness of motif extraction methods

5.2.1 Motivations

The application of the above-presented measures of stability is not conve-
nient in our case (motif extraction). This originates from the nature of in-
put data used by feature selection methods [Ma 2008, Saeys 2007, Liu 2007,
Sebban 2002|. In fact, these methods use an original set of features (motifs)
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Figure 5.1: Data perturbation in feature selection and motif extraction

as input and try to merely select a subset of relevant features. The pertur-
bation of data is applied to the original set of features. In the case of motif
extraction, the input data are still in raw state and the data perturbation step
is applied directly to raw data (before motif extraction step)(Fig. 5.1).

In our work, the motivation behind exploring the motif extraction method
stability is to provide evidence that even slight changes in the data must also
be followed by changes in the output results (extracted motifs). These changes
must concern the motifs that are no longer significant for the perturbed input
data; which means that the motifs that have been conserved must prove to
be interesting i.e., help with better classification. Since the set of features
are not known a priori we can not apply the measures quoted in the feature
selection related works. For our purposes let be the two following assumptions:

Assumption 1. We consider that a motif extraction method allows a
reliable description of input data if any variation within these data affects the
set of the generated motifs. That is to say that it reveals any change occurring
in the input data.

Assumption 2. After changes in the set of generated motifs, the motifs
that are conserved should be interesting i.e., help with better classification.

In the next subsection we define and describe the terms we use to formally
express our assumptions and to evaluate the robustness of motif extraction
methods.
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5.2.2 Terminology

Based on Assumption 1, we introduce the concept of sensibility . This con-
cept reflects the ability to produce a different set of motifs i.e., a different
data description, whenever we make a variation within the input data. The
sensitivity criterion can be studied by means of the conserved motifs called
stable motifs. It is also interesting to test the Assumption 2, that is to say the
quality of the stable motifs, by assessing their benefits in an artificial learning
task.

Below we formally define the terms used in this paper. Consider the fol-
lowing;:

- A dataset D, divided into n subsets Dy, D,,.., D,,.

- A motif extraction method M applied to D on one side and to D, Ds,..,
D,, on the other side and respectively generating the sets of motifs SM
from D and SM,, SM,, .., SM,, from Dy, D,,.., D,.

- An artificial learning task 7 and a quality metric Mtr of T. Let
MtrT(SM) denote the value of the metric obtained if T is performed
using the set SM as a feature space.

We define the following:

Definition 21 (Motif Stability) A motif = is said to be stable if and only
if its occurrence rate in all SM;, i = 1..n, exceeds a threshold . The occurrence
rate is simply the ratio of the number of SM;, i = 1..n, where x appears to n.
Formally:

Number of SM;/x € SM,;

n

Definition 22 (Rate of stable motifs) The rate of stable motifs (RSM)
of a method M s the ratio of the number of stable motifs to the number of
distinct motifs of all SM;, 1 = 1..n. Formally:

> T, withi=1.n. (5.3)

Number of stable motifs

RSM = !
Uiz, SMj|

(5.4)

Definition 23 (Method sensibility) A method M, is more sensible than
another method My if and only if for the same changes within the same dataset,
the rate of stable motifs of My is lower than that of My. Thus, the sensibility
S of a method is complementary to its rate of stable motifs. It may be noted:

S=1-—RSM . (5.5)

Definition 24 (Conservation of the quality metric value) A motif ex-
traction method M conserves the quality metric value of a data mining task
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T if the use of the set of stable motifs SSM in T preserves the quality metric
values for this task as when we use the set of motifs SM generated from the
original dataset D. However, it is noteworthy that we can not judge that con-
servation unless the method is already sensible. Indeed, an insensible method
tends to generate the same motifs even after perturbations in the input data
indicating that its extraction approach is rigid and does not adopt a concept
of "choice". This conservation C can be measured by:

C =1~ |MtrT(SM) — Mtr"(SSM)| . (5.6)

Definition 25 (Interestingness of a set of stable motifs) A set of sta-
ble motifs SSM is considered to be interesting if it allows interesting values of
conservation and sensibility. Formally, we can measure this interestingness I

by:
SxC

S+C -

This measure is inspired from the F1-Score which is a statistical measure

of a test’s accuracy that combines Precision and Recall. The F1-score can be

interpreted as a weighted average of the precision and recall, where an F1-

score reaches its best value at 1 and worst score at 0. In our case, we combine
conservation and sensibility to quantify the interestingness of stable motifs.

I =2x

(5.7)

5.2.3 Illustrative example

Considering a dataset D in a supervised classification task 7. The data per-
turbation of D generates three subsets Dy, Dy and Ds3. The application of a
motif extraction method M to D on one side and to Dy, Dy and D3 on another
side generates the sets of motifs SM from D and SM;, SM; and SM; from
Dy, Dy and D3 respectively :
SM ={m1l, m2, m3, m4, m5, m6, m7, m8, m9, m10}
SM;={ml, m4, m5, m6}
SMy={ml, m2, m3}
SMz={ml, m6, m7, m8}

Using 7 such that 7 = 65%, the motifs m1 and m6 are considered stable
since they appear in more than 65% of the motifs subsets.
We can easily calculate the rate of stable motifs RSM = 0.25, which is two
over the set of eight motifs. We consider that m9 and m10 are noise, and thus
are not relevant for the classification task.
The sensibility of M is calculated by S = 0.75.

In this case, the set of stable motifs SSM; = {m1, m6}.

Using 7 > 66%, only the motif m1 are considered stable since it appears
in more than 7% of the motifs subsets.
We can easily calculate the rate of stable motifs RSM = 0.125.
The sensibility of M is calculated by S = 0.875, and SSM, = {ml1}.
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Suppose we use sets of motifs SM and SSM; as variables space to measure
the accuracy rate (MtrT) of the supervised classification task 7. Let consider
the following obtained values with Mtr? :

Mtr(SM) = 0.85
Mtr(SSM) = 0.80
The set of stable motifs SSM; enables a conservation of the quality metric

value C' = 0.95 Finally, we can measure the interestingness of stable motifs
by I = 0.83.

5.3 Experiments

In this section, we describe an experimental study conducted on four motif
selection methods quoted in [Saidi 2010b]. Calculations were run on a duo
CPU 1.46GHz PC with 2GB memory, operating on Linux. The following is a
presentation of the input datasets and the used tools.

5.3.1 Aims and datasets

We used four datasets containing 1327 protein sequences extracted from Swiss-
Prot [Bairoch 2000] and described in Table 5.1. These datasets differ from one
another in terms of size, number of class, class distribution, complexity and
sequence identity percentage. The change in the nature of the datasets allows
us to avoid specific outcomes to data and to have better interpretations. More
description of data can be found in Chapter 4.

We compare the motif extraction methods quoted in chapter 4
[Saidi 2010b], i.e., n-grams NG |[Leslie 2002], active motifs AM [Wang 1994],
discriminative descriptors DD [Maddouri 2004] and discriminative descriptors
with substitution matrix DDSM [Saidi 2010b]. In our experiments, we use the
same default settings as in [Saidi 2010b].

Comparisons made in [Saidi 2010b] between these methods revealed
that DDSM performs the best to help in problems of protein sequences
classification even in difficult cases where other methods fail to produce
reliable descriptors for an accurate classification. In this work, we try to
find a relationship between this performance and the concepts introduced in
Section 5.2.2.

5.3.2 Protocol

In our experiments, we perturb each input dataset in a systematic way and
we observe the impact of this perturbation on the set of generated motifs. To
do this, several perturbation techniques can be adopted :
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Table 5.1: Experimental data.

Dataset Family / class

High-potential Iron- Sulfur Protein
DS1 Hydrogenase Nickel Incorporation Protein HypA
Glycine Dehydrogenase

Human TLR
Non-human TLR

DS2

DS3 Chemokine .
Melanocortin

Monomer
Homodimer
Homotrimer
DS4 Homotetramer
Homopentamer
Homohexamer
Homooctamer

1. Removing and/or adding of sequences: This technique can be simulated
by eliminating some sequences from the dateset.

2. Perturbing the sequences: This can be done by modifying amino acids
within sequences.

In our experiments, we perturb each input dataset in a systematic way
and we observe the impact of this perturbation on the set of generated motifs.
To do this, we use the 10-cross-validation (10CV) and leave-one-out tech-
niques (LOO) [Han 2006]. Therefore, the variation of a dataset containing n
sequences consists in removing a partition (one tenth with 10-cross-validation
and a single sequence with leave-one-out) from the dataset and the rest is used
to generate a set of motifs. This is done several times (ten times with 10-cross-
validation and n times with leave-one-out). At each iteration, the number of
occurrences of generated motifs is updated. As already defined in Section
5.2.2, the technique we adopt to measure the sensibility of motif extraction
methods from protein sequences is based on the rate of stable motifs. Whereas
the sensibility is related to the amount of stable motifs, the interestingness
of stable motifs is related to their quality. In other words, if these motifs
are generated by the extraction method to appear often enough then they
should be "interesting". We measure the interestingness in our experiments
by their usefulness in a supervised classification task. Once the stable motifs
are generated, they are used to convert protein sequences into binary vectors
where the value 1’ denotes the presence of motif in the sequence and 0’ its
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Figure 5.2: Experimental process

absence, all these binary vectors compose what is called a learning context.
Thus the classification of proteins in this new format is now possible with data
mining tools. To do this, we use the support vector machine classifier SVM
of WEKA workbench [Witten 2005]. The classification is performed based
on 10-cross-validation (10CV) and leave-one-out (LOO) techniques. Hence,
our experiments are conducted using the following four combinations for data
variation and classification: (LOO; LOO), (LOO; 10CV), (10CV; LOO) and
(10CV; 10CV).

5.4 Results and discussion

We show in Table 5.2 the classification results of our datasets using the four
motif extraction methods. The classification is performed without making any
perturbation on our datasets using the SVM classifier of WEKA [Witten 2005]
based on 10-cross-validation (10CV) and leave-one-out (LOO). Comparing
these results with those obtained using the stable motifs allows us to better
evaluate the studied methods and test Assumption 1 and 2.

The experimental results are presented in Table 5.3 and 5.4. Table 5.3
contains the results obtained with a LOO based variation and Table 5.4 with
10CV based variation. For each dataset and for each value of 7, we note the
rate of stable motifs and their corresponding accuracy if we use these motifs
to classify protein sequences of that dataset based on 10-cross-validation and
leave-one-out tests. We can notice that the classification test technique i.e.,
10CV or LOO does not affect the obtained results (the interestingness rates
are almost the same). Using results from Table 5.2, 5.3 and 5.4, we draw the
interestingness of stable motifs histogram corresponding to dataset (Fig. 5.3
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Table 5.2: Accuracy rate of the studied methods using datasets without modifica-

tion.
Method DS1 DS2 DS3 DS4
10CV LOO 10CV LOO 10CV LOO 10CV LOO
NG 96.7 96.7 67.5 67.5 100 100 44.9 45.5
AM 100 100 72.5 65 100 100 - -
DD 96.7 96.7 82.5 80 100 100 43.5 43.5
DDSM  96.7 96.7 95 95 100 100 82.5 87.5
and 5.4).

We notice that NG is virtually insensible to variations in data. Indeed,
its rate of stable motifs is often equal or very close to 100%. Therefore, the
variation of input data has no bearing on the generated motifs. In other words,
we often obtain the same motifs even in the presence of variations in input
data. In this case, we can not evoke the interestingness of stable motifs (see
Fig. 5.3 and 5.4).

The AM method follows almost the same fluctuating behavior for all
datasets (except for DS4 where we could not conduct our experiments due
to lack of memory). In fact, below 7 = 0.7, AM is insensible (RSM is equal
or close to 100%). Beyond this value, AM becomes sensible. This sensibility
varies depending on dataset and the variation technique (10CV or LOO). It
is very significant for DS1, average for DS2 and slight for DS3. For example
in Table 5.3, for 7 = 0.7, the rate of stable motifs are 32.5, 83.6 and 98.3%),
respectively for DS1, DS2 and DS3. Similarly, the interestingness of stable
AM motifs is very fluctuating and varies as well depending on the dataset (see
Fig. 5.3 and 5.4). This method is sometimes completive to DD and DDSM.
But, we note that it is greedy in memory and can not handle large datasets
as it is the case with the dataset DS4 (see Table 5.3 and 5.4).

The approach adopted by the DD method offers it a sensible nature. In
fact, according to this method, each motif must satisfy the conditions of dis-
crimination and minimality (see Chapter 4). Therefore, it is likely that a dis-
ruption of input yields not meeting these conditions and thus the elimination
of some existing motifs and/or addition of new ones. At the same time, this
method generates sets of interesting stable motifs with all the data samples
and different values of 7 . Indeed, it generally allows better interestingness
rates than NG and AM (see Fig. 5.3 and 5.4).

The DDSM method is an extension of DD, which adopts a competitive
approach among the motifs to generate. Indeed, to be chosen, a motif must be
the most mutable among other ones of equal size. This constraint remarkably
increases the sensibility of the method vis-a-vis the changes in the input data.
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Table 5.4: Rate of stable motifs and their classification accuracy using 10CV-based variation.

Rate of stable motifs

Classification accuracy rate

DS T NG AM DD DDSM NG AM DD DDSM
10CV LOO 10CV LOO 10CV LOO 10CV LOO

0.5 100 984 79,9 62,1 96.7 96.7 98.3 98.3 96.7 96.7 100 100

0.6 100 96 79.7 59.9 96.7 96.7 98.3 98.3 96.7 96.7 100 100

DS1 0.7 100 38,5 745 49,2 96.7 96.7 98.3 98.3 96.7 96.7 100 100
0.8 100 28.1 66.1 37.3 96.7 96.7 100 100 96.7 96.7 100 100

0.9 646 148 30,8 14,5 96.7 96.7 100 100 96.7 96.7 100 100

1 646 148 308 14.5 96.7 96.7 100 100 96.7 96.7 100 100
0.5 100 94,3 64,6 49,1 65 67.5 62.5 65 92.5 92.5 62.5 62.5
0.6 100 80 64 46.6 65 67.5 60 65 92.5 92.5 65 67.5
DS2 0.7 100 60,6 54,4 31,2 65 67.5 65 67.5 95 95 65 65
0.8 100 46.5 38.2 16.7 65 67.5 67.5 70 92.5 95 57.5 65

0.9 100 32,1 9,5 4,1 65 67.5 67.5 70 92.5 92.5 37.5 35

1 701 321 95 4.1 65 67.5 67.5 70 92.5 92.5 37.5 35
0.5 100 97,1 80,3 62,8 100 100 100 100 100 100 99.8 99.8
0.6 100 693 &0 60.9 100 100 100 100 100 100 99.8 99.8
DS3 0.7 100 524 758 51,8 100 100 100 100 100 100 99.8 99.8
0.8 100 485 63.8 38 100 100 100 100 100 100 99.8 99.8
0.9 843 40,5 33 17,1 100 100 100 100 100 100 99.8 99.8
1 843 405 33 17.1 100 100 100 100 100 100 99.8 99.8
0.5 100 - 100 86.2 44.89  45.47 - - 45.19 4589  70.2 69.2
0.6 100 - 100 86.2 44.9 45.5 - - 45.2 45.9 70.2 69.2
DS4 0.7 100 - 100 83.5 44.9 45.5 - - 45.2 45.9 70.4 69.3
0.8 100 - 100 78.8 44.9 45.5 - - 45.2 45.9 69.5 70

0.9 994 - 99,4 72.8 44.9 45.5 - - 45.2 45.9 70.6 71

1 994 - 99.4 72.8 44.9 45.5 - - 45.2 45.9 70.6 71
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This can be noticed by the decreasing rates of stable motifs compared to the
DD method. In addition, this high sensibility is always accompanied by a set
of very interesting stable motifs manifested by generally allowing the highest
interestingness rates. However, we note that for 7 = 1, DDSM does not often
have the best rates of interestingness especially with 10CV based variation
(we recall that this value of 7 means that the stable motifs are those that
appear in all variations of data). This is because the substitution, which is a
fundamental criterion in the process of DDSM, is not taken into account in the
construction of the set of stable motifs. Hence, similar forms of a given motif
may be ignored. But by relaxing the condition of 7 = 1 and moving to smaller
values of 7 we see that the interestingness rates get improved considerably.
This method reveals both the property of sensibility and interestingness of its
stable motifs (see Fig. 5.3 and 5.4), which allows it to redescribe well the input
data, which is in accordance with results of Chapter 4 showing the efficiency
of this method for feature extraction in protein sequences.

5.5 Conclusion

In this chapter, we introduced the notions of stability and sensibility as new
criteria to compare motif extraction methods from biological sequences. The
sensibility of a method is its ability to produce a different set of motifs, so a
different description, whenever a perturbation is made in the dataset. This
criterion must be accompanied by a set of interesting stable motifs. This
concept of interestingness arises when a method eliminates certain motif and
conserves others following a change in the input data and that the conserved
motifs are useful if used in a data mining task. The experimental study shows
that the DDSM method is more sensible compared to the other methods. This
sensibility is usually accompanied by sets of stable interesting motifs. This
confirms the results of Chapter 4 that show the contribution of the DDSM
method in supervised classification tasks. In the next chapter, we explore
the second axis of this thesis by studying the different approaches of graph-
representation of proteins.
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In this chapter, we make a brief survey on various existing graph-based repre-
sentations and propose some tips to help with the protein graph making since
a key step of a valuable protein structure learning process is to build concise
and correct graphs holding reliable information. We, also, show that some
existing and widespread methods present remarkable weaknesses and do not
really reflect the real protein conformation. The subject of this chapter has
been published in [Saidi 2009].
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6.1 Background

The structural database PDB [Berman 2000| continues to expand tremen-
dously comprising so far more than 77000 protein structures. Hence, new
methods are required to analyze, study and compare protein structures.
Whereas the recognition, comparison, and classification of sequences is now
more or less a solved problem, accurate computational and data mining tools
for the study of the proteins in their native state are still not abundant
[Kleywegt 1999, Doppelt 2007].

The investigation of 3D protein structures can give important functional
and structural insights whereas the sequences fail to provide full accurate
information especially in function prediction tasks [Doppelt 2007]. Indeed,
during the evolution some distantly related proteins may lose sequence homol-
ogy while retaining some common folding. A primordial step to any mining
process or any computational study of proteins is to look for a convenient
representation of their spatial conformation ¢.e., a preprocessing step is nec-
essary to yield computer-analyzable data [Saidi 2010b]. Since proteins are
macromolecules that can be viewed as a set of related elements (amino-acids,
atoms, etc), they can be translated into graphs where vertices may vary from
atoms to coarser sub-structures like secondary structure fragments. In most
works that studied proteins as graph structures, vertices have been repre-
sented by amino acids, the basic building blocks of proteins. In fact, amino
acids are better to express any conformation homology between protein struc-
tures than using atoms or secondary structure elements. Besides, that may
give valuable extensions to the previous works on sequences like motif discov-
ery [Kleywegt 1999][Doppelt 2007].

We review several existing methods and show that they comprise funda-
mental points of criticisms. Based on these criticisms, we try to enhance the
protein graph making. It is very important to build a graph-based represen-
tation that reflects the real protein conformation since it will be the starting
point of any later processing and analysis.

In the next section, we try to make the matching between proteins and
graphs in a structural view while explaining what makes proteins perform
their 3D shape and introducing any technical term we use in the protein graph
building. Section 6.3 exhibits the most used preprocessing methods of graph
making from proteins as well as our suggestions to enhance this task. In Sec-
tion 6.4, we experimentally compare two methods. Some recommendations,
concluding points can be found in Section 6.5.
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6.2 Proteins and graphs

A graph is a finite set of vertices (or nodes) and edges (or arcs) defined as
couples G = (V, E) where V is the set of vertices and E is the set of edges.
Each element of E i.e., edge is a pair of adjacent vertices of V. Graphs have
extensively been used to investigate various real applications such as commu-
nication and transportation networks, electrical circuits, chemical components
and recently to investigate the protein structure analysis [Vishveshwara 2002].

Proteins are biological macromolecules formed by concatenation of 20 dis-
tinct amino acids into long chains. They play crucial roles in almost every
biological process. They are responsible in one form or another for a variety of
physiological functions including enzymatic catalysis, binding, transport and
storage, immune protection and control of growth, etc.

The sequence of the amino acid residues in these chains is termed the pro-
tein primary structure. These chains can fold to form complex 3D structures
due to a combination of chemical interactions with the existence of some stan-
dard sub-structures called secondary structures. In the final folded state of a
protein i.e., tertiary structure, residues that are far away in the chain can be
very close in space.

From a computer science point of view, the protein structure can be viewed
as a set of elements. Each element can be an atom, an amino acid residue or a
secondary structure fragment. Hence, several graph representations have been
developed to preprocess protein structure, ranging from coarse representations
in which each vertex is a secondary structure fragment to fine representations
in which each vertex is an atom [Vishveshwara 2002].

In this chapter, we consider the graph representations that use amino acids
as vertices, since amino acids are the basic structural building units of any
protein which give it its properties and specify its spatial conformation. Be-
sides, any spatial motif is more valuable if expressed in term of amino acids
than atoms or secondary structure elements. This kind of spatial motifs give
more information about distant proteins sharing similar functions.

6.2.1 Amino Acids and vertices

The amino acids, which are supposed to be the vertices of the graph, repre-
sent the basic building units of proteins. We recall that there exist 20 amino
acids sharing a common structural scheme. An amino acid is composed of
a central (but not the centroid) carbon atom called C, and four chemical
groups attached to C,: a hydrogen atom, an amino group, a carboxyl group
and a side chain or radical R (Fig. 6.1). It is the side chain that differenti-
ates one amino acid to another and gives it its physico-chemical properties.
The common parts between the amino acids compose the so called backbone
[Brandon 1991].
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Amino

Carboxylic Acid
Group | | Group

o ¢ - carbon
Side Chain

Figure 6.1: Amino acid structure and protein primary structure.

As we have mentioned, amino acids are linearly linked together to form
the protein sequence called primary structure [Brandon 1991]. But the pro-
tein does not keep that linearity and continue to fold into a 3D compact shape
while having local standard fragments called secondary structure due to hy-
drogen bonds between backbone atoms (see Chapter 2). The determination
of the folded structure of a protein is a lengthy process, involving complicated
methods like X-ray crystallography. X-ray method is the most accurate and
most used method; it covers 86.5% of the released protein structures but it
does not make hydrogen atoms visible.

6.2.2 Chemical Interactions that stabilize Proteins

Chemical interactions are the forces that hold atoms and residues together,
forming molecules. The chemical interactions that stabilize proteins and give
them their 3D shape can be divided into five groups: covalent bonds in which
atoms share electrons, ionic bonds, hydrogen bonds, hydrophobic interactions,
and Van der Waals forces [Brandon 1991].

When talking about protein graph building, these interactions are sup-
posed to be, in one form or another, the chemical analogues of the graph
edges.

6.2.2.1 Covalent Bonds

Covalent bonds involve the sharing of a pair of valence electrons by two atoms
and they are the strongest chemical bonds contributing to the protein struc-
ture. In fact, protein chains are held together by covalent bonds linking be-
tween neighboring amino acids that compose the primary structure, they are
also called peptide bonds and formed when the carboxyl group of one amino
acid reacts with the amino group of the other amino acid, thereby releasing
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a molecule of water (H2O). Peptide bonds have a typical distance of 1.5 . As
well, covalent bonds between cysteine side chains can be important determi-
nants of protein structure like in human insulin (2HUT in the PBD). Cysteine
is the one and only amino acid whose side chain can form covalent bonds
with other cysteine side chains. This type of covalent bond is called disulfide
bridges and its length vary from to 1.8 to 3 [Steudel 1975].

6.2.2.2 Ionic Bonds

Ionic bonds, also called salt bridges, are distance-depending electrostatic at-
tractions between oppositely charged components [Brandon 1991]. The closer
the charged components are, the stronger the attraction is. Ionic bonds are
rare, however, they can be important to protein structure since they allow po-
tent electrostatic attractions approaching the covalent bond strength. Typical
ionic bonds bridges have lengths of around 3.0 .

6.2.2.3 Hydrogen bonds

Hydrogen bonds (or shortly H-bonds) arise when two partially negatively
charged atoms share a partially positively charged hydrogen [Brandon 1991].
Many combinations of H-bond are possible:

- Atoms on two different amino acid side-chains.
- Atoms on amino acid side-chains and protein backbone atoms.

- Backbone atoms on two different amino acids (like in secondary struc-
tures).

The range of this bond, which is the distance between the two atoms that
share the hydrogen atom, is typically around 3.5 .

6.2.2.4 Hydrophobic interactions

Hydrophobic interactions are the most important non-covalent forces that
make the compact shape of the protein structure. They arise when hydropho-
bic amino acids in the protein closely associate their side chains together in
an aqueous solvent, forming interior hydrophobic protein core shielded from
interactions with water [Brandon 1991].

6.2.2.5 Van der Waals forces

The Van der Waals forces are a transient, weak electrical attraction of one
atom for another when electrons are fluctuating. Electrons fluctuation yields
a temporary electric charge which induces a complementary dipole in another
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atom. Van der Waals forces are short range bonds with a radius of about 2
[Bondi 1964].

6.3 Building graphs from protein structures

In the representations that use amino acids as vertices, edges are usually
defined based on distance between these vertices. However, some works ex-
pressed that edge by the strength of interaction between two amino acid side
chains [Brinda 2005|. Hereafter, we mention the most widespread methods of
protein graph building and try to give some tips to help with the enhancement
of such task. Proteins are described by PDB files [Berman 2000] including the
atoms coordinates among other information.

We assume that the correctness of a protein graph is directly linked to how
much the existing edges reflect the really existing interactions that stabilize the
protein even the interactions responsible of maintaining secondary structures.

Initially, we connect the vertices corresponding to the consecutive amino
acids in the primary structure.

6.3.1 Main atom

Generally, works that use graphs as a means to represent proteins, abstract
each amino acid u to a sole main atom of u denoted by M A, and charac-
terized by its spatial coordinates (zy, ¥y, 2,). This main atom can be real
like C, or Cé atoms or virtual like the amino acid centroid or the side chain
centroid |Lovell 2003, Huan 2005]. Two vertices u and v are said linked by
an edge e(u,v) = 1 if the euclidian distance between their two main atoms
A(MA,, MA,) is below a threshold distance § . Formally:

() :{ 1 ifA(MA, MA,) <6 (6.1)

0 otherwise

AMA, MA) = /(24 — )% + (Yu — Y0)2 + (24 — 2,)? (6.2)

The time complexity of such methods is O(n?) where n is the number of amino
acids.

By reviewing the literature, we found that many works use C, atoms as
main atoms and sometimes Cz with usually 6 > 7 on the argument that C,
atoms define the overall protein conformation [Huan 2005]. We experimentally
tried to assess these ways of graph building and to check whether they can find
already known links/bonds in proteins by making the graphs of some PDB
files namely, the human insulin (2HIU). We noticed that to discover some true
edges (disulfide bridges, secondary structures, etc) using C,, 0 must not be
below 7 . However, such threshold would yield many false edges depending
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Chemical interaction

A<d

No chemical interaction

7

A<d

Figure 6.2: Distance between the centroids is not enough. Size of side chains must
be taken into account: for the same A, we notice that in the upper figure, the fact
that A > ¢ matches with the existence of a chemical bond since the side chain
boundaries are enough close to each other which is not the case for the lower figure.

on the positions and orientations of amino acids. Indeed, it is obvious that
we can find many amino acids, whose C, atoms are within the range of 7
and even less, which are not concerned by any chemical interaction especially
when their side chains are far away to each other. Using high threshold greatly
increases the number of edges without really matching with existing chemical
interactions i.e., false edges. Whereas using low threshold does not help with
finding true edge especially in the case of amino acids having big side chains
making C, atoms far away from each other. The same criticisms can be
induced concerning the use of Cs.

As for the use of the side chain centroid (or radical centroid RC'), this
method is better to detect bonds between side chains. But, it is weak con-
cerning bonds linking backbones to backbones or backbones to side chains.
It presents another weakness since it does not take into account the size of
side chains which differs from an amino acid to another, so a threshold ¢ that
allows to reflect a real chemical interaction between two side chains does not
necessarily do the same for two other side chains especially when they are
small in size (see Fig. 6.2). We recommend assimilating the side chain into a
sphere with a ray p, to use lower threshold and to replace Formula 6.1 by the
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following;:

e(u,v) = { 0  otherwise (6.3)

The use of the amino acid centroid may be better than using C, or Cs. But
this method is also concerned by the remarks on the importance of taking into
account the size of the amino acids. So, similar formula to Formula 6.3 can
be utilized.

6.3.2 All atoms

Since atoms are directly concerned by bonding, one can think of build-
ing edges by examining distances between all atoms of two given amino
acids. We did not find in the literature any work that uses this method
to build graphs of amino acids, but it has been used with graphs of atoms
[Jacobs 2001, Keating 2009|. The principle is similar to the one in Section
6.3.1: Two vertices v and v are said linked by an edge e(u,v) = 1 if there
exist two atoms A,, A, belonging respectively to v and v and whose euclidian
distance A(A,, A,) is below a threshold distance. Formally:

(6.4)

(1, v) = 1 if3A, € wuand A, € v:A(A,A) <6
ALY =Y 0 otherwise

The time complexity of such methods is O(n? * m?) where n is the number
of amino acids and m is the number of atoms.

This method reduces the possibility of obtaining false edges but it seems to
be slower than the ones of Section 6.3.1. Based on the information about the
interactions that stabilize proteins, we propose tips that reduce the complexity
of all-atoms method to O(n?) while keeping almost the same output. First,
we simplify an amino acid residue into a block of three main components: a
side chain, a positively charged N backbone atom and a negatively charged O
backbone atom all linked to Cov atom (Fig. 6.3). We know that interactions
between amino acids v and v can take the following schemes:

- side-chain R, with side chain R,,

- side chain with backbone atom (O or N),

- backbone atoms of u and v (O and N).
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Figure 6.3: The main three components involved in interactions stabilizing the pro-
tein: O and N backbone atoms and side chain with ray p

- N, — O,
_NviOu

Hence, there is no need to check the distances between all atoms but just
the seven possibilities mentioned above. If we denote by RC' the side chain
centroid and by p its ray, the edges of the graph are built based on the following
formula:

(1 ifA(RC,, RC,) — (pu + py) <01
1 ifA(RCy,Op) — pu < 62
1 ifA(RC,,N,) — pu <62
1 ifA(RC,,0,) — p, <02

elwv) =4 z’fAERCU,Nu; < 62 (6.:5)

1 ifA(N,,O,) <63
1 ifA(N,,0,) <63

L 0 otherwzse

Interactions between side-chains can be any of the mentioned ones in Section
6.2.2 whereas interactions between a side chain and a backbone atom (O or N)
or between O and N of two different amino acids, can be an ionic attraction
or a h-bond. Then, we can use a value from 3.5 to 4 for 61, 62 and 93

6.3.3 Triangulation

The triangulation is a process that transforms a geometric object P, composed
of a set of points, to a set of simplices with all points from P are being among
the vertices of the triangulation [De Berg 2008|. In particular, if P is a plan
(respectively or a 3D-space), then, a triangulation is a way to subdivide P
into a collection of triangles (respectively or tetrahedra).
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Figure 6.4: Four different triangulations of the same point set.

Figure 6.5: Triangulation samples in a 2D space. Left: triangulation does not
meet the Delaunay condition (empty circum-circle). Right: represents a Delaunay
triangulation sample.

Triangulation is used in various applications, such as nearest neighbour
research, navigation, astronomy, reconstruction of geometrical spaces, deter-
mining the properties of a topological space. It is notable that several triangu-
lations of a same geometric object are possible (see Fig. 6.4). A special way
of triangulation is the Delaunay tessellation [Delaunay 1934, De Berg 2008]
which is the geometric dual of the Voronoi diagram. There exist subsets of
the Delaunay triangulation [Stout 2008] which are the Gabriel graph, near-
est neighbour graph and the minimal spanning tree and extensions such as
the Almost Delaunay Tessellation [Bandyopadhyay 2004]. Several works have
used Delaunay triangulation to build protein graph [Huan 2005, Stout 2008,
Bostick 2004]. They mainly used one of the main atoms described in Sec-
tion 6.3.1. It is about creating tetrahedra such that no main atom is inside
the circum-sphere of any tetrahedron i.e., empty sphere property (Fig. 6.5).
Many algorithms have been proposed to perform the Delaunay triangulation
with various time complexities. See [Amenta 2007| for more details.

In addition to the criticisms in Section 6.3.1 concerning the use of main
atoms, this method presents other weaknesses. In fact, we can find very far
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vertices in the protein graph which are linked especially at the surface of
the protein where the circum-spheres are getting out of the cloud of atoms.
Besides, Delaunay triangulation omits many true edges and does not allow to,
exactly, describe hydrophobic cores which must be seen as highly cross linked
sub-graphs. This is fundamentally due to the empty sphere property that does
not allow to one vertex to make edges with other vertices out of its tetrahedron
sphere even in the presence of interactions. Possible enhancements could be
the use of a threshold § to eliminate long edges and taking into account the
remarks done in Section 6.3.1. But in general, we do not recommend using
the Delaunay tessellation to build protein graphs.

6.4 Experimental comparison

In Section 6.3, we report that the most widespread method, which is the one
based on distance between C, atoms (CA method with a threshold 6 = 7),
may contain several false edges. We also recommend building protein graphs
by considering distances between all atoms (AA method) with a threshold
0 = 3.6.

In this section, we try to experimentally compare the two methods i.e., CA
and AA. To evaluate the quality of the graph building methods, we tried to
extract discriminative features (DF, see definition below) from two datasets.
The datasets are retrieved using the advanced search of the Protein Data
Bank [Berman 2000] with no more than 50% pair-wise sequence similarity in
order to remove highly homologous proteins. To ensure using high quality
data, we selected X-Ray proteins with resolution < 3 A. The first dataset
(DS1) includes two distant protein families that belong to two different SCOP
classes. The first family is the nuclear receptor ligand-binding domain proteins
(NLB) from the all alpha class and the second one is the prokaryotic protease
family (PP) from the all beta class. The second dataset (DS2) includes two
close families of eukaryotic proteases (EP) and the prokaryotic proteases (PP
the same one of DS1). These two families belong to the same superfamily (see
Table 6.1 for datasets description).

Table 6.1: Experimental data.

Dataset Family Size (#proteins) #Amino acids

NLB 15 5545

D51 PP 12 4931
PS 12 4931

D52 PP 17 9570

We use Subdue system [Ketkar 2005] to extract DFs. We denote DF (DS,
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F, GBM) which means the DF of the family F in the dataset DS under the
graph building method GBM. We define a DF of a family F as a subgraph,
having at least three vertices, that only appears within F. For each DF, Subdue
computes a score S defined by:

NPos(DF)+ NNeg(DF)
|DS|

S(DF) = (6.6)

S measures the specificity of DF to a family F where NPos(DF) is the
number of positive proteins (belonging to F) containing DF, NNeg(DF) is the
number of negative proteins not containing DF and |DS| is the size of the
dataset. For each family, we just consider the largest discriminative feature
(LDF) i.e., the DF containing the greatest number of vertices and edges and
having the highest score S. We assume that the better is the graph building
method, the better is the quality of the extracted LDFs. However, the S metric
does not allow comparing LDF of different sizes since it is obvious that larger
LDF would have lower S. Then, we define a new comparative score (CS) that
takes into account the size and the S of a LDF:

CS(LDF) = |LDF| x +S(LDF) (6.7)

|ILDF| represents the LDF size i.e., the number of vertices of LDF. The
CS indicates how much a LDF can be as large as possible while being spe-
cific to its family. Then, it can be compared with other LDFs of different
sizes within the same family. It is majorated by the number of vertices of the
smallest graph of each family (case where the smallest graph of a family F is
a subgraph of all the graphs of F); so it can be normalized if one would get
a probabilistic value between 0 and 1. Before evaluating the graph-making
methods, it is notable to report some observations. First, the graphs built
using AA method contain fewer edges. They also structurally differ from the
ones built using CA method and so are the extracted DFs. The fact that CA
and AA methods allow to obtain structurally different DFs, makes us strongly
ask a fundamental question about which DFs are biologically meaningful. The
second observation concerns DS2. It is well known that prokaryotic proteins
are more primitive than eukaryotic ones which contain more structural com-
ponents. Indeed, results show that the PP family has no DF discriminating
it from EP whereas the latter has even large and frequent DFs. Experimental
results are summarized in tables 6.2 and 6.3. We note that AA method always
enables to reach the best comparative scores CS. That means the extracted
LDFs, under the AA graph representation, represent the best tradeoffs be-
tween the size and the specificity. On another side, we reported in Section
6.3.2 that every edge under AA method is likely to represent a chemical inter-
action between two amino acids. Hence, the comparison between LDF(DS2,

EP, CA) and LDF(DS2, EP, AA) shows that CA method fails to represent
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existing chemical interactions as edges and does not allow to extract larger
LDF containing true edges.

Table 6.2: Results for DS1

Dataset DS1

Family NLB PP

Method CA AA CA AA
#edges 21379 20055 20595 14361
#DFs 16 6 4 8

LDF shape (6v,6e) (4v,3e) (4v,3e) (6v,5e)

S 0.59 0.96 1.00 0.70
CS 3.54 3.84 4.00 4.20
Table 6.3: Results for DS2
Dataset DS2
Family NLB PP
Method CA AA CA AA
#edges 20595 14361 22424 15985
#DFs 0 0 21 43
LDF shape \ \ (17v,20e)  (20v,25e)
S \ \ 0.72 0.66
CS \ \ 12.24 13.20

6.5 Conclusion

Protein structures are complex data that represent an important area to be
discovered and mined, but it must first be encoded into a computer-analyzable
data. Recently, proteins have been seen as graphs, mainly, graphs of amino
acids. We have reviewed the most used existing methods of protein graph
making, but before that, we tried to make the matching between proteins and
graphs and to exhibit the various interactions that make some amino acids
get close to each other and make the protein fold in its 3D shape. Based on
that, we made several criticisms about the reviewed methods and proposed
one possible and simple enhancement. We assume that the quality of any
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protein graph is directly depending on how much that graph reflects the real
conformation of the protein 7.e., how much the existing edges reflect the re-
ally existing interactions that stabilize the protein including the interactions
responsible of maintaining hydrophobic cores and secondary structures. We
conducted an experimental comparison, based on the largest discriminative
feature extraction, between two graph-making methods 7.e., CA and AA. We
noticed that the extracted features vary in terms of composition, size and
quality according to the used method.

We have implemented the mentionned methods and other ones in java
language into a jar file available upon request or on my home page
http://fc.isima.fr/“saidi. The program accepts protein PDB files as input
and outputs graph files of amino acids and edges between them under several
format. We also implemented a web repository for graph-represented proteins
[Dhifli 2010] (see Appendix D)

In the next chapter, we propose a new method to extract spatial motifs
from protein graphs which can be a way to assess the quality of graph building
and on other side a means to perform some machine learning tasks such as
classification.
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Goals

In this chapter, we propose a novel algorithm to find spatial motifs from
protein structures by extending the Karp-Miller-Rosenberg (KMR) repetition
finder dedicated to sequences. The extracted motifs obey a well-defined shape
proposed based on a biological basis. These motifs are used to perform var-
ious supervised classification tasks on already published data. Experimental
results show that they offer considerable benefits, in protein classification, over
sequential motifs, spatial motifs of recent related works and alignment-based
approaches. We also show that it is worthy to enhance the data preprocessing
rather than only focussing on the optimization of classifiers. The subject of
this chapter has been published in [Saidi 2012b)].
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7.1 Background and related works

An essential starting point for any mining process or any computational
study of proteins is to define a convenient computer-analyzable repre-
sentation of their internal components and the existing links between
them. Proteins are commonly known as strings of characters (or se-
quences), where each character represents an amino acid.  This lin-
ear representation has been very useful in bioinformatics and data min-
ing applications [Dominic A. Clark 1990, Mephu Nguifo 1993, Lemoine 1999,
Yonggiang 2006b, Yonggiang 2006a, Battaglia 2009, Saidi 2010b]. However,
it fails to provide full accurate information especially in function prediction
and classification tasks, whereas the investigation of the spatial shape of
proteins can give important functional and structural insights [Cootes 2003,
Clark 1991]. Indeed, proteins have been recently seen within graph represen-
tations and studied based on graph theory concepts.

In this regard, many topics have been explored. Some works have been in-
terested in the study of protein structures based on their graph properties and
involve the use of topological classifications as in [Bartoli 2007| where it has
been shown that proteins can be considered as small world networks of amino
acids. Other works have looked for identifying residues that play the role of
hubs in the protein graph that stabilize the structure [Vallabhajosyula 2009,
predicting pathways from biological networks [Faust 2010], inferring protein-
protein interaction networks [Brouard 2011, Brouard 2012|, performing struc-
tural classification by means of graph based clustering [Santini 2010]. Another
current trend in many recent studies focuses on the subject of discovering mo-
tifs from protein structures and using them as features to perform protein
classification|Fei 2010].

Our work explores this last topic. For our purposes, we recall the defini-
tions of a motif and a sequential motif, and we give the definition of a spatial
motif:

Definition 26 (Motif) In general, a motif (or pattern) consists of a non-
null finite feature that can characterize a given population P of objects. This
motif may be identified based to its high frequency in P, its rarity in other
populations or based on other parameters. In our case, a motif is considered
to be a significant set of linked amino acid residues found in proteins.

Definition 27 (Sequential motif) This consists of a motif whose compos-
ing residues are contiguous in the primary structure i.e., it is a sub-chain
extracted from the protein chain.

Definition 28 (Spatial motif) This consists of a motif whose composing
residues are not necessarily contiguous in the primary structure i.e., it con-
tains linked residues that are far away in the chain, termed distant residues.
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In literature, many classification methods based on tertiary structures
mainly use spatial motifs as features to characterize protein groups. Since
protein tertiary structures can be interpreted as graphs, many contributions
around the frequent subgraph discovery were used in the pre-processing step
of the classification process, whereas other contributions focused on the learn-
ing process and proposed new boosting algorithms using discovered motifs as
base learners [Fei 2010].

Many algorithms have been proposed on frequent subgraph discovery
[Krishna 2011| which are generally classified into two main categories, namely
the Apriori-based approaches and the pattern growth approaches. This clas-
sification of frequent subgraph discovery methods was basically dependent on
the use or non-use of the apriori information in the extension of subgraphs
during the search step [Hong Cheng 2010|. Apriori-based approaches, for in-
stance AGM [Inokuchi 2000], FSG [Kuramochi 2001], FFSM [Huan 2003], etc,
starts with small-size subgraphs and proceeds in a bottom-up manner. New
subgraphs are generated by joining two slightly different frequent subgraphs
among those already generated. Hence, the size of newly discovered frequent
subgraphs is increased iteratively by one. The last step of each iteration
is to check the frequency of the newly formed subgraph. However, pattern
growth approaches, for instance MoFa [Borgelt 2002], Gspan [Yan 2002], Gas-
ton [Nijssen 2004], etc, do not perform expensive join operations since they
just extend a frequent subgraph directly by adding a new edge in every pos-
sible position. The problem of this method is that the same graph can be
discovered multiple times, so these approaches are supposed to run a pruning
procedure to avoid duplicates.

Meanwhile, other algorithms have been proposed as boosting methods
where discovered motifs were used as base learners. Kudo et al. [Saigo 2009
proposed ghboost, a boosting method devoted to labeled graphs classification
where, based on a weak classifier called decision stump, they iteratively con-
struct multiple weak classifiers on weighted training instances using subgraphs
as classification features. Saigo et al. [Saigo 2008] suggested another approach
called gPLS which, in the same time, uses Partial Least Square regression to
mine graph data, iteratively performs feature selection and classifier construc-
tion. gPLS is very similar to gboost in the mining approach. A structural
leap search approach called LEAP [Yan 2008| was proposed by Yan et al. for
mining the most significant subgraph patterns. Two new mining concepts
were explored in this approach namely structural leap search and frequency
descending mining; these two concepts reduce the search space and thus mine
patterns faster since both of them are related to specific properties in pattern
search space. COM [Jin 2009], proposed by Ning et al., is another classifi-
cation method where they derive graph classification rules based on pattern
co-occurrence. A very recently proposed pattern based graph classification
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method is LPGBCMP [Fei 2010|, proposed by Fei and Huan. The main idea
of this method is to develop a boosting algorithm where base learners i.e.,
subgraphs, have structural relationships in the functional space.

Though spatial motifs in graph format comprise important information
that sequential ones fail to provide, the main disadvantage, of using sub-
graphs as features is the high complexity of their extraction. Indeed, it is
known to be NP-complete. In addition, the number of extracted features is
expected to be very high since proteins are very dense molecules. Hence, the
use of such motifs may hinder the classification process. For these reasons, we
propose a novel way to represent spatial motifs. This representation simplifies
the existing graph format of motifs while taking into account the links between
distant amino acids in the primary sequence. Our spatial motifs are termed
ant-motifs.

7.2 Ant motif

7.2.1 Biological basis

It is commonly known that the tertiary structure of a protein depends on
its primary structure |Gille 2000]. Thus, two homologous proteins with high
sequence similarity (> 80% identical amino acids) will also have very sim-
ilar structures, whereas the reverse is not necessarily true. The prediction
of tertiary structures from primary structures has been an active field of re-
search in bioinformatics. Additionally, many methods use exactly the ho-
mology between proteins to achieve their predictions. It has also long been
known that certain amino acids favor the formation of certain folds over others
[Pearson 2001|. For example, proline and glycine have a very low propensity
to form « helices. These spatial links allow to obtain the native tertiary
structure starting from the sequence.

In fact, many bioinformatics methods use only the protein sequence to
predict the tertiary structure by means of sequential motifs |Gille 2000]. Usu-
ally, sequential motifs have functional meanings. Some of them are easy to
recognize (e.g., zinc finger motif) since they are uninterrupted; this is not the
case with many other motifs, in which the spacing between their elements
and even their order can vary considerably |[Gille 2000]. Moreover, structure
is more stable than sequence. Indeed, preserved sequential regions can be lost
across the evolutionary time, whereas spatial links persist longer.

Given this, it would be judicious to keep the preserved sub-sequences as
bases of motifs and feed them with spatial information.
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7.2.2 Shape and definition

Based on what we have mentioned above, we propose a novel shape of a spatial
motif preserving a sequential part from the primary structure and abstracting
the spatial information by links with distant residues, which give the motif an
ant-like shape (see Figure 7.1 for the shape and see Figure 7.2 for a real ant-
motif example, sampled from our experiments). The sequential part represents
the largest preserved sub-sequence while the spatial links indicate the types
of distant residues to which the sequential part residues are connected. To
extract this kind of motifs we propose an adaptation of the Karp, Miller
and Rosenberg algorithm [Karp 1972| (for more details see Appendix C). The
following definition gives a more formal description of ant-motifs:

Definition 29 (Ant motif) Let be a population of proteins represented as
graphs of amino acids. The nodes of each graph are ordered based on their
occurrences in the primary structure. An ant motif is a spatial motif composed
of a sequential motif, called sequential part, and other edges such that each
node of index i in the sequential part may be connected to other nodes whose
indices are strictly greater than i+1.

Sequential part Spatial links

¢ o |
0,&@\
W oeE 0‘3;

Figure 7.1: Shape of an ant-motif. The sequential part is composed of amino acids
from the primary structure and the spatial links represent their connections to dis-
tant residues.

7.2.3 Algorithm details
7.2.3.1 Preliminary

In our case, ant-motif extraction differs from the problem solved by KMR.
Indeed, the notion of equivalence in KMR is limited to contiguous elements
in a sequence 1.e., for a given k there may be no more than one k-equivalence
E}. between two positions. We change the definition of the equivalence to
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Figure 7.2: An example of an ant-motif sampled from our experiments (in C-type
lectin domains (DS4)). Red residues (ASP, ALA and GLU) represent the sequential
part and the blue ones are distant residues.

be adapted to our needs. Hence, two positions may have many equivalence
relations (Figure 7.3).

Definition 30 (Equivalence in graphs) Two positions i and j in a graph
G are k-equivalent, we note i Ey, j, if and only if G[i] = G[j] and G[i] is linked
to k nodes identical to other k nodes linked to G[j]. If i and j have more than
one equivalence, we note i K}, j, where r is the equivalence number (see Figure
7.3).

The construction of ant-motifs is done incrementally throughout the se-
quential part, using the KMR lemma (see Appendix C) and according to the
KMR definition of equivalence (see Appendix C). But before applying KMR
lemma, all spatial links must be built for each node of the sequential part.
When two positions have more than one equivalence relation, it is necessary
to merge the resulting motifs. Hence a larger equivalence is inducted using
the following lemma:

Lemma 3

VB j& i By j & L& i B G e By ey J (7.1)
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Figure 7.3: Ilustration of two 2-equivalences between positions ¢ =5 and j = 11: ¢
El j — {N,V}andiE2 j — {N,I}.

Proof 4 Let be a graph G and two positions © and j having n equivalence
relations Ey,..Ey, . The first equivalence Ey, allows to build a motif of size
ki, we note it My. Each equivalence relation Ey, of the remaining (n — 1)
equivalences will increase the size of My by new k; — 1 nodes since My already
contains the node corresponding to positions © and j. This implies that the
final motif will be of size (32 ki) —(n—1)),i =1.n. Hencei Es~i ) 1)) J-
For example in Figure 7.3, the two 2-equivalences between ¢ = 5 and j = 11
allow to induce a new 3-equivalence.

7.2.3.2 Algorithm and data structures

Graph nodes are ordered according to their positions in the protein primary
structure. To avoid processing raw graphs, we parse them into new sequential
codes. An index table describing all edges existing in the graph accompanies
each graph sequential code. The latter is constructed by inserting between
two contiguous nodes (two contiguous residues in the primary structure) with
indices ¢ and ¢ + 1 all the distant residues with higher indices, having edges
with the node ¢ (illustrative example in Section 7.2.4). The node ¢ + 1 and
the mentioned distant nodes spatially linked to node i are termed successor
nodes. All index tables are concatenated to form a global index table, GIT.
Motifs are incrementally built using KMR lemma and Lemma 3. In each
level we adopt a stack-based implementation to look for common positions
allowing concatenating or merging motifs of low levels. In each level two
stack families P and () are used. The number of stacks in each family is the
number of motifs extracted in the previous level (see ANTMOT algorithm).

7.2.3.3 Complexity

The time complexity of KMR algorithm for a string of characters or an array
has been proved to be O(z) log z where z is the size of the data |[Karp 1972|. If
we do not take into account the spatial aspect of motifs the complexity of our
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Algorithm 2: ANTMoOT
Data: GIT.
Result: €): set of ant-motifs.
begin
M7 <— set of distinct node labels;
k+— 2;
Q+— My,
while k£ # —1 do
construct |[My_1| P and |My_1| @ stacks;
for i =1 to |GIT| do
L push ¢ in Pgrr;
foreach stack I € P stacks do
foreach element i € I do
pop i;
s «— number of successors of GITi[;
for j =1 to sdo

L push i in Qgrriitj);

foreach stack O in the Q) stacks do
if |O| > 2 then
L construct a motif based on KMR lemma;

if £k =2 then
L merge motifs satisfying Lemma 3 ;

if M, = @ then
Lk(——l;
else
L(M—QUM;C;

remove redundant motifs from 2 ;

algorithm can be reduced to the same complexity of KMR, with z = n xm
where n is the number of proteins and m is the number of amino acids of
the biggest protein. Taking into account Lemma 3 (spatial links) increases
the data size i.e., the size of GIT will be multiplied by d, where ¢ is the
maximum number of spatial link. Therefore GIT size can be approximated
by nxm*d. In the worst case, i.e., the case of complete graphs, § is equal to
m. However this is practically impossible and § << m for steric constraints
[Ramachandran 1968|. Since no proved theorem has shown that ¢ is bounded
by a constant, so the time complexity of ANTMOT is O(n * m?) log(n * m?).
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Figure 7.4: Toy proteins. Left: protein 1, right: protein 2. Continuous lines repre-
sent the primary structure and the dashed lines represent the spatial links.

7.2.4 Illustrative example

Given the following toy protein structures (see Figure 7.4) from which we
attempt to discover common motifs:

e Protein 1:

Primary structure 1: ATFC
Graph 1 : Figure 7.4 left
Graph sequential code 1: ACTFC

Index table 1: the grey box indicates that node 1 is spatially linked
to node 4.

N ENENDN
T e

e Protein 2:

Primary structure 2: AVCT

Graph 2: Figure 7.4 right

Graph sequential code 2: ACTVCT

Index table 2: the grey boxes indicate that node 1 is spatially linked

to node 3 and node 4.

EN | ENENEN
, SR T T T

e Global index table GIT:

[t Jefz]3faJuvifs]afz]s]a]
1" 2. 8 4 & 6 T ‘8 % A0 11

o M : set of motifs of level 1 — M1 contains 5 motifs. Each one contains
a node corresponding to an amino acid letter:
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f 1: Nodes {A} - Edges {}
Motif 2: Nodes {C} - Edges {}
- Motif 3: Nodes {T} - Edges {}
- Nodes {F} - Edges {}

- Nodes {V} - Edges {}

e Building M,
- Stacking in P stacks :

1
e Liolsla 5]
Pl Pz FP? P4

- Unstacking from P into Q stacks :
o Unstacking P1

1 1
[ ] [

ko e Q8

— New motifs:
- Nodes {A, C} - Edges {1-2} - positions: 1, 6
- Nodes {A, T} - Edges {1-2} - positions: 1, 6
o Unstacking P2

| | [ 10 | [ |
ol Q2 Q3 Q4 Qs

o Unstacking P3

O | I I 0 | |
aroQr QF 4 03

o Unstacking P4

] L s |
A @ @ o o

o Unstacking P5
L .0 ) R |
ar Q5 o4 03
—The fusion of motifs sharing common nodes in the primary
structure generates the motif below (lemma 3):

- Nodes {A, C, T} - Edges {1-2, 1-3} - positions: 1, 6
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— My:
- Motif 1: Nodes {A, C} - Edges {0-1}- positions: 1, 6
- Motif 2: Nodes {A, T} - Edges {0-1}- positions: 1, 6
- Motif 3: Nodes {A, C, T} - Edges {0-1, 0-2}- positions: 1,
6
e Building M;

- Stacking in P stacks :
1 1
Pl P2 P3

- Unstacking from P into Q stacks :
o Unstacking P1

[RESS /N NIy
Q1 Q2 3

o Unstacking P2

o Unstacking P3

l
Ql Q2 03

— No new motifs are found in level 3.
—The motifs of level 2 kept after eliminating all redundant sub-
motifs are:
- Motif 3: Nodes {A, C, T} - Edges {0-1, 0-2}- Positions: 1,
6

- The two other motifs of level 2 are discarded because they
are included in the motif 3.

Remark 1 If we had used only the sequence representation, we would have
found no motifs.
7.3 Experiments

7.3.1 Aims

The experimental study is composed of three parts. In the first part, we are
interested in two aspects i.e., the interestingness of motifs when used in the
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protein classification and the runtime of their extraction. To study the first as-
pect, we carry out motif-based classification experiments on various datasets.
We study the effect of three types of motifs on the classification performance,
namely, the sequential motifs (SM), the frequent-subgraph motifs (FSM) and
the ant-motifs (AM). To study the second aspect, we compare our algorithm
ANTMOT and a state of the art method of frequent subgraph extraction in
terms of runtime. We study the behaviour of both methods when increasing
the amount of data and varying the frequency threshold of motifs. In both cri-
teria, i.e., interestingness and runtime, the number of motifs is an influencing
factor that must be discussed.

In the second part, we experimentally investigate the impact of the graph
building method on the quality of extracted motifs and consequently on the
classification performance. To do that, we use a different method to construct
graphs of amino acids (the AA method recommended in Chapter 6) and we
study if it has an obvious impact on the classification performance.

In the third part, we compare ant-motif-based classification with other
classification approaches that use alignment or that focus on optimizing the
classifier rather than enhancing the preprocessing.

7.3.2 Datasets

To perform our experiments, we use the same six datasets of protein struc-
tures as in |[Fei 2010]. In each dataset, positive proteins are sampled from a
selected protein family whereas negative proteins are randomly sampled from
the Protein Data Bank [Berman 2000|. A detailed description of the data
collection process can be found in [Jin 2009]. Table 7.1 summarizes the char-
acteristics of the six datasets : the related protein family ID in the SCOP
database [Andreeva 2008|, the description of the protein family, the number
of positive and negative samples.

Table 7.1: Experimental data from [Fei 2010]. ID: identifier of protein family in
SCOP, Pos: positive proteins sampled from a selected protein family, Neg: negative
proteins randomly sampled from the PDB

Dataset ID Family name Pos Neg
DS1 48623 Verteb. phospho. A2 29 29
DS2 52592 G proteins 33 33
DS3 48942 (1 set domains 38 38
DS4 56437 C-type 1. domains 38 38
DS5 56251 Proteasome subunits 35 35

DS6 88854 Kin., cata. subunits 41 41
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7.3.3 Settings

Our algorithm, ANTMOT, is implemented in java (see Appendix E
for details). It allows extracting ant-motifs (AM) as well as sequen-
tial motifs (SM) from the protein primary structures. Since the exist-
ing algorithms of frequent subgraph discovery are supposed to extract
the same number of motifs, we choose to use GASTON [Nijssen 2004],
known to be the fastest among them, to extract frequent-subgraph mo-
tifs (FSM). We wuse the java implementation of GASTON available in
the Parsemis graph-mining suite (available at https://www2.informatik.uni-
erlangen.de/EN /research/ParSeMiS /index.html).

The experiments were conducted on a 3 Ghz quad core CPU. The memory
management depends on the algorithm used. Indeed, GASTON is memory
consuming and requires, in some tests, tens of GB of RAM; whereas 1 GB is
largely enough for ANTMOT.

7.3.3.1 Graph building settings

Proteins are parsed into graphs where nodes represent amino acid residues and
are labeled with the amino acid type. We use two methods quoted in Chapter
6 to construct the edges. The first one is based on the euclidian distance
between C,, atoms of amino acids (we term it CA) whereas the second takes
into account the distance between all atoms in the amino acids (we term it
AA). Hereafter we recall the two methods:

CA method Proteins are parsed into graphs where nodes represent amino
acid residues and are labeled with the amino acid type. Two nodes v and v
are linked by an edge e(u,v) = 1 if the Euclidean distance between their two
C, atoms A(Cy(u), Cyh(v)) is below a threshold distance . Formally:

{1, if ACa(u),Ca(v)) <9 (7.2)

e(u,v) = .
(wv) 0, otherwise

In the literature, most works use this method with usually § > 7 Aon the
argument that C', atoms define the overall shape of the protein conformation
[Huan 2005]. In our experiments, we use § = 7 as in [Fei 2010].

AA method Two nodes u and v are said to be linked by an edge e(u,v) =1
if there exist two atoms A, and A, belonging respectively to u and v and
whose Euclidian distance A(A,, A,) is below a threshold §. Formally:

) = 4 & if3A, € uand A, € v : A(A,A,) <6 (7.3)
T 0, otherunse '
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We have proposed AA method in Chapter 6 based on the assumption that
peripheral atoms are directly involved in bonding within the protein rather
than C, atoms [Saidi 2009]. In our experiments, we use § = 4 A.

7.3.3.2 Classification settings

The classification process is illustrated by Figure 7.5. The input data are
protein structures in PDB format [Berman 2000]. First, proteins are parsed
into graphs as described in Section 7.3.3.1. Then, we use a motif extraction
method to find features. Each protein is encoded as a binary feature vector
indexed by the extracted motifs with values indicating the presence (1) or
absence (0) of the related motif. Finally, we apply a classifier on the binary
data. We use 5 replicates of 5-cross validation as evaluation technique. Each
of the six datasets is partitioned into five folds. Four are used for training and
one fold is reserved for testing. AM, SM and FSM motifs are generated with
a minimum frequency = 0.3 and motif sizes between 3 and 7 nodes. In order
to show that the obtained classification results are not biased by the classifier,
we use two different classifiers from the workbench Weka [Witten 2005] with
default parameters, namely support vector machine (SVM) and naive bayes
(NB).

7.3.3.3 Runtime test settings

To better study the variation of runtime with a larger amount of data, we
gathered all distinct graphs of the six datasets previously used, to form a
single dataset of 392 graphs. We run ANTMOT and GASTON on this dataset
to discover respectively AM and FSM while varying the minimum frequency
threshold 7 of motifs from 0.1 to 1. In this experiment, no constraints on the
motif size are put. In other words, each algorithm must find all its related
motifs satisfying .

7.4 Results and discussion

7.4.1 Comparing motif extraction methods

In this subsection the CA method is used to build graphs from proteins.

7.4.1.1 Motif interestingness in classification

In this section, we report the accuracy, sensitivity and specificity of the com-
bination of SVM and NB with the three types of motifs namely SM, AM
and FSM. We recall that sensitivity is (TP / (TP+FN)), specificity is (TN /
(TN+FP)) and accuracy is ((TP+TN) / S), where TP stands for true posi-
tive, TN stands for true negative, FP stands for false positive, FN stands for
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false negative and S stands for the number of samples. Since the standard
deviation is around 0% and 7% for all these methods, we do not list it here.

Experimental results can be found in Table 7.2 and Fig. 7.6. We notice
that GASTON generates a large number of motifs, especially with DS1 and
DS6. This illustrates the case of information overload [Hasan 2009], a real
obstacle for any further use of motifs. That is why the classification perfor-
mance was negatively affected compared to the other approaches. Meanwhile,
FSM motifs perform better with SVM than NB. This is explained by the se-
lective ability of SVM. SM motifs, which are motifs extracted from the protein
primary structures, present a reduced number. Yet, they allow better classi-
fication performance than FSM in most cases. This highlights the fact that
the gain in spatial information offered by the FSM motifs, is promptly lost
due to their large number. The number of AM motifs is reasonable compared
to FSM. This comes with the best classification performance with both SVM
and NB. This is due to the AM structure which combines recurrent sequential
regions from the primary structures enriched by recurrent spatial links (see
Figure 7.2 for a real ant-motif example). Generally, AM comes first, followed
by SM and FSM.

To better understand the accuracy differences, we plot the average sensi-
tivity and specificity of all methods in Figure 7.7. It is obviously clear that
AM outperforms FSM and SM in terms of sensitivity and specificity with al-
most all datasets. Overall, FSM and SM seem to have a good compromise
between sensitivity and specificity.

Table 7.2: Number of motifs with frequencies more than 30% and having between
3 and 7 nodes.

Method Number of discovered motifs

DS1 DS2 DS3 DS4 DS5 DS6
SM 23 11 54 12 15 26
AM 1994 2007 2132 1366 1152 1725

FSM 1081501 680525 196867 80290 764356 951657

7.4.1.2 Runtime

As mentioned in Section 7.3.3.3, the six datasets were gathered into one single
dataset of 392 graphs. AM and GM motifs were extracted from this dataset
with respect to different frequencies varying from 0.1 to 1, without any limi-
tation in size.

In Figure 7.8 (top), we notice that the runtime for both ANTMOT and
GASTON is inversely proportional to 7 (the frequency threshold). Indeed,
lower 7 yield more motifs (see Figure 7.8 (bottom)). Hence, too much comput-
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Average sensitivity

1.00 u SM+NB
0.90 HAM+NB
0.80 M FSM+NB
0.70 H SM+SVM
0.60 M AM+SVM
0.50 M FSM+SVM

DS1 DS2 DS3 DS4 DS5 DS6

Average specificity

1.00 M SM+NB
0.90 H AM+NB
0.80 M FSM+NB
0.70 H SM+SVM
0.60 M AM+SVM
0.50 M FSM+SVM

DS1 DS2 DS3 DS4 DS5 DS6

Figure 7.7: Average sensitivity and specificity results using SM, AM and FSM as features and SVM and NB as classifiers.
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ing is required. Although GASTON is slightly faster than ANTMOT for higher
7, the latter scales remarkably better to lower 7. Indeed, ANTMOT runtime
increases almost linearly with an approximate gradient of 1.75, whereas GAS-
TON runtime increases exponentially to reach more than 3 days with 7 = 0.1.
The runtime behaviours of both algorithms are consistent with the evolution
of the number of motifs extracted by each of them. Indeed, The difference
in runtime between the two algorithm derives from the huge difference in the
number of discovered motifs.

7.4.2 Impact of the graph building method

In this section we evaluate the effect of the graph building on the represen-
tation of proteins and consequently on the classification performance. We
perform classification on the same six datasets and using the same proto-
col and settings previously detailed. Yet, we change only the graph building
method. We use the AA method to build the protein graphs, then we compare
the classification results with those previously obtained using CA. To do so,
we extract again spatial motifs, 7.e. AM, then we use them for classification
using NB and SVM.

The results obtained from our experiments are illustrated in Fig. 7.9. It
is clearly remarkable that the use of AA enhanced the classification accuracy
compared to CA, especially with DS1 where it reaches full accuracy. This fit
with our claim in Chapter 6 that AA gives a better graph representation of the
considered protein structures. Hence, the generated graphs with AA are closer
to the real spatial conformation of proteins than those built with CA. This is
simply due to the fact that AA consider the distances between all the atoms
of each amino acid of the protein to build the edges, whereas C,, consider only
the distances between the C, atoms and thus edges between amino acids that
are based on atoms other than C, are missing in the graph representation.
In addition, it is true that when using AA to build the graphs, our motif
extraction method AM still outperforms FSM. However, the enhancement of
the classification performance came both with AM as well as with FSM. This
proves that the protein-graphs built using AA have a generic representation
and are not suited only to our method AM. In addition, according to the
previous experiments, sequential motifs SM performed better in classification
compared to the FSM motifs using CA as graph building method. Yet, the
use of AA for graph building enabled FSM to outperform SM in classification
and thus enhanced the quality of the discovered spatial motifs.

7.4.3 Comparison with other classification approaches

Dealing with protein classification requires, above all, the comparison with the
most widespread and favorite tool of biologists, i.e., the alignment. It would be
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Figure 7.8: Evolution of runtime and number of motifs depending on the minimum frequency.
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Average accuracy
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Figure 7.10: Classification accuracy comparison between alignment-based approach,
LPGBCMP-based approach and AM-based approach.

also interesting to compare with other approaches that propose sophisticated
classifiers.

We carried out the classification on our six datasets based on two types
of alignment. One is sequential using Blast [Altschul 1990] and the other is
structural using Sheba [Jung 2000]. For each protein in a given dataset, we
make an alignment search against all the others. We assign to the query pro-
tein the class of the subject protein with the best hit score. In addition, we
report the results of a related work [Fei 2010] that dealt with the classification
of the same datasets and used the same experimental settings as our work.
Authors in that study devoted more efforts to improve the classifier and to
optimize its parameters rather than enhancing the quality of features. They
proposed a boosting algorithm termed LPGBCM P, where base learners, i.e.,
subgraphs, have structural relationships in the functional space. Their classi-
fication system outperformed other related ones [Fei 2010, Jin 2009]. It also
outperforms Blast-based classification in most cases (DS3, DS4, DS5, DS6).
Sheba, the structural alignment tool, allowed to reach better accuracies com-
pared to Blast and LPGBCMP. But in general, ant-motif-based classification
outperforms all the above mentioned approaches.

7.5 Conclusion

In this chapter, we proposed a novel algorithm to extract spatial motifs obey-
ing a certain shape i.e., ant-motifs. The use of already published datasets
allowed us to carry out a comparison with several related works. The out-
comes of this comparison confirm the reliability of our algorithm and the
interestingness of our motifs in classification tasks. By this chapter, we finish
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with the second axis of this thesis. However, several other extensions are open
and under development. We give more details about these ongoing works in
the concluding chapter
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In this chapter, we conclude the thesis by summarizing our contributions
and highlighting some prospects. Contributions are briefly surveyed; whereas
we give much more details about the ongoing works we are conducting in
extension to this thesis.
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8.1 Summary of contributions

After our study of the motif-based preprocessing of complex data, we recall
the main lines that trace the results of our research.

8.1.1 DDSM method [Saidi 2010Db]

We have proposed a novel encoding method for protein sequence classification,
termed DDSM, that uses amino-acid substitution matrices to define similar-
ity between motifs during the extraction step. We have demonstrated its
efficiency by comparing it with existing methods mainly in terms of accu-
racy. Thorough experiments have been carried out using several classifiers
and known bioinformatics tools namely, Blast and HMMER. The goals of this
experiments were mainly to study the impact of the encoding method on the
classification performance and to study the effect of the substitution matrix
on the output of our method. The outcomes of our comparative experiments
confirm the efficiency of our encoding method to represent protein sequences
in classification tasks.

8.1.2 Sensibility metrics [Saidi 2010a, Saidi 2012a]

We have introduced the concept of stability to compare motif extraction meth-
ods. We call stability of a motif extraction method from a dataset, the non-
variability in its set of motifs, when applying a technique of variation on the
input dataset. The robustness of a method is the coupling of the non-stability
(or sensibility) and the ability to retain or improve the quality of the asso-
ciated data mining task. In our case, we used the supervised classification
accuracy as a quality measure.

The topic of stability with respect to motif extraction methods has not
been studied in the literature. However, this aspect was slightly stud-
ied in a very close field to the extraction which is the feature selection
[Pavel 2007, Yvan 2008, Dunne 2002, Kalousis 2007, Somol 2008, Yu 2008].
The application of the above-cited approaches of stability is not convenient
in our case (motif extraction). This originates from the nature of input data
used by feature selection methods. In fact, these methods use an original set
of features (motifs) as input and try to merely select a subset of relevant fea-
tures. The perturbation of data is applied to the original set of features. In
the case of motif extraction, the input data are still in raw state and the data
perturbation step is applied directly to raw data (before extracting motif).
The motivation behind exploring the stability of motif extraction methods is
to provide evidence that even slight changes in the input data must also be
followed by changes in the output results (extracted motifs). These changes
must concern the motifs that are no longer significant for the perturbed input
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data; which means that the motifs that have been conserved must prove to
be interesting i.e., help with better classification. Since the set of features
are not known a priori we can not apply the measures quoted in the feature
selection related works.

In this scope, we have proposed metrics to measure both the sensibility of
motif extraction methods and the interestingness of their motifs. The exper-
imental study shows that the DDSM method is more sensible compared to
the other methods. This sensibility is usually accompanied by sets of stable
interesting motifs. These results are in accordance with those of Chapter 4
that show the contribution of the DDSM method in supervised classification
tasks.

8.1.3 Graph representation of proteins [Saidi 2009]

We have made the matching between proteins and graphs and exhibited the
various interactions that make some amino acids get close to each other and
make the protein fold in its 3D shape. We also have reviewed the most used
existing methods of protein graph making, made several criticisms about them
and proposed one possible and simple enhancement. We conducted an exper-
imental comparison, based on the largest discriminative feature extraction,
between two graph-making methods i.e., CA and AA. We noticed that the
extracted features vary in terms of composition, size and quality according to
the used method.

We have implemented the cited methods and other ones in java
language into a jar file available upon request or on my home page
http://fc.isima.fr/ “saidi. The program accepts protein PDB files as input
and outputs graph files of amino acids and edges between them under several
format.

8.1.4 Ant motifs [Saidi 2012b]

We have proposed a novel algorithm to find spatial motifs from protein struc-
tures by extending the Karp-Miller-Rosenberg (KMR) repetition finder ded-
icated to sequences. The extracted motifs, termed ant-motifs, obey a well-
defined shape which is proposed based on a biological basis. The body of
our proposed motifs contains two parts. The first and main part, termed se-
quential part, is composed of contiguous nodes in the primary structure. The
second part is the set of spatial edges indicating the nodes connected to the
primary structure. This composition gives our motifs an ant-like shape. None
of the existing approaches of subgraph mining can extract this kind of motifs.

Experimental results show that ant-motifs offer considerable benefits in
protein classification over sequential motifs, frequent-subgraph motifs and
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alignment-based approaches. The programs and data related to this contri-
bution are freely available at http://fc.isima.fr/~mephu/FILES/AntMotif/.

8.2 Ongoing works and prospects

We are currently working on three major axis. The first axis aims to provide
a large-scale pipeline for the functional affiliation of metagenomics data. In
the second axis, we are exploiting the substitution idea previously presented
in DDSM to summarize large sets of frequent subgraphs to a smaller sets of
representative subgraphs. In the third axis, we are working on generalizing
the ANTMOT algorithm to cover the class of traceable graphs.

8.2.1 Large-scale many-classes learning

With the continuously increasing amounts of biological data, the need for
automated, accurate and rapid classification has become all the more urgent.
This need is challenging when the number of classes is large. The inefficiency
of the alignment-based solution in many cases has raised the question whether
it is possible to benefit from data mining to address that task. In this case, the
number of classes is a very considerable constraint. We describe and compare
the alignment-based approach (ABA) and the data-mining-based approach
(DMBA). Then, we recommend a two-phase approach coupling hidden Markov
models (HMM) with standard classifiers and we experimentally compare it
with two known alignment tools.

As mentioned during this thesis, DMBA benefits from the panoply of devel-
oped classifiers that have shown high efficiency as decision aid tools in several
fields such as finance, trade, medicine, etc, due to their strong discrimination
and generalization. In general, DMBA requires data in relational format i.e.,
object-attribute table. Thus, two elements must be provided: a set of reli-
able attributes to be used as descriptors, and a reliable function of description
e.g., frequency, incidence, etc. DMBA faces many problems when dealing
with biological data classification. On one side, protein data do not respect
the format required by DMBA. On another side, the number of classes has
an important impact on any learning task. Indeed, the discrimination abil-
ity of any classifier decreases with increasing numbers of classes especially in
the case of unbalanced data. This problem has not been deeply investigated
[Madani 2008] whereas many efforts have been devoted to address large scale
learning in term of number of instances [Madani 2008].

8.2.1.1 Proposed approach

Training For each class we create an HMM profile then we build a binary
model using a discriminative classifier. This model is trained on a dataset
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comprising that class and the other classes’ consensuses, after being encoded
into relational format using a motif based approach (Chapter 4). This model
discriminates between each class and the rest of the training set. A class
consensus is a unique sequence which abstracts its class and is generated
using the class HMM-profile. This allows us to bypass the unbalanced data
and the many-class problems. Henceforth, each class is represented by a
probabilistic model (its HMM-profile) and a discriminative model (its binary
classifier model).

Prediction Each query sequence is scanned against the HMM-profiles.
Hence, some classes are suggested as potential targets sorted by their scores.
The number of suggested classes is considerably below the total number of
classes. At this level, we use the binary models corresponding to the sug-
gested classes to confirm or refute the HMM results. The final sustained class
is the one having the best score and confirmed by the binary model. The
combination of the probabilistic and the discriminative aspects preserves an
acceptable rapidity while enhancing the sensitivity of the prediction. Fur-
thermore, the memory consumption in our approach is moderate compared to
Blat since models are processed separately.

8.2.1.2 Experimental Comparison

To evaluate the above described methods, we utilized four protein datasets
taken from the KEGG [Kanehisa 2000] (Table 8.1). The datasets are char-
acterized by a large number of sequences (from 12192 to 44572) and a large
number of classes (from 25 to 100). Each class refers to an ortholog (func-
tional) group [Kanchisa 2000] of less than 45% of identity. Experiments were
conducted on a PC with a 3 Ghz duo core CPU / 3.25GB RAM. We used
the hold-out technique to evaluate the classification approaches i.e., a third is
reserved to test and the rest is used for training (for DMBA) or as reference
base (for ABA). For our approach we use HMMER [Johnson 2006, Eddy 2008]
as HMM tool, N-grams (Chapter 4) as encoding method and SVM as classi-
fier. It is noteworthy that the functional groups in the KEGG base are built
using many techniques including alignment. This explains the full accuracy
reached by Blast. It is much more accurate than Blat; whereas Blat is much
faster. Our approach represents a tradeoff between Blast and Blat i.e., trade-
off between accuracy and speed with the ability to deal with other kinds of
classification rather than the functional one e.g., taxonomic, structural.

8.2.2 Substitution for spatial motifs

As previously mentioned in this thesis, 3D protein structures have been re-
cently seen as graphs of amino acids and studied based on graph theory con-
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Table 8.1: Comparison with Blast and Blat.

Accuracy (%) Time (mn)
Data  Sequences  Classe# “p) " plot MLBA Blast Blat MLBA
DSI 12192 25 100 79 88 o4 4 3
DS2 24301 50 100 90 92 187 6 8
DS3 33814 75 100 87 90 267 9 13
DS4 44572 100 100 87 90 392 15 18

cepts. Indeed, algorithms of frequent subgraph discovery have been applied on
proteins to find motifs that could be interesting in any further analysis. How-
ever, when the support threshold is low, the number of frequent subgraphs is
expected to be very large which may hinder rather than help (Chapter 7).

In this perspective, we claim that in the set of the generated frequent
subgraphs, there exist subgraphs that can substitute several others and hence
can summarize the whole set. This claim is based on the same biological facts
explored in DDSM, that some amino acids have similar properties and can thus
be substituted by each other, without changing the structure or the function
of proteins. We are attempting to exploit the substitution idea previously
presented in DDSM to summarize the set of discovered frequent subgraphs to
a smaller set of representative subgraphs. However, DDSM is dedicated only
to sequences and does not contain enough properties to fit frequent subgraphs.
Indeed, dealing with sequential motifs consists only on considering the amino
acids that compose the motifs. Yet, dealing with spatial motifs represented
in the form of subgraphs requires also taking into account the links between
amino acids. For this purpose, we extend DDSM with a novel constraint to
take into account the shape of the motifs of interest. Specifically, it verifies,
without considering the nodes labels, whether two spatial motifs represented
as subgraphs are isomorphic. Formally:

Definition 31 Let G = (Vg, Eg, L) and G' = (V},, E;, L) be two subgraphs.
G (respectively G') collection of nodes Vi (respectively V) and a collection of
edges Eq (respectively Er.). The vertices of Vi (respectively VL) are labelled
within an alphabet L. G and G' are said to have the same shape, we note

shape(P, P") = true, iff:
- G and G’ have the same order, i.e., |Vg| = |VL],
- G and G' have the same size, i.e., |Eq| = |E(],

- According to a specific order, V' 1 < i < |Vg| and 1 < j < |Vg| if
(GJi}, Glj) € Er then (G'[i}, G'lj]) € Bl
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Definition 32 (Subgraph substitution) A subgraph G substitutes a pat-
tern G, we note subst(G,G',T) = true, iif:

1. G and G’ have the same shape,

2. S(G,G") > 1, T is a user-specified threshold such that 0 <1 <1 and S
is a substitution score similar to that of DDSM.

A first implementation of this approach termed UNSUBPATT was proposed
in [Dhifli 2012a, Dhifli 2012b] and the results seem to be promising both in
terms of the number of selected motifs and their interestingness. Fig. 8.1 and
Fig. 8.2 show the first outcomes of this approach using four datasets (DS1,
DS2, DS3 and DS4).
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Selectionrate (%)

Figure 8.1: Rate of the selected motifs from the initial set depending on the substi-
tution threshold.

8.2.3 Traceable graphs

There exists a specific type of graphs, called traceable graph, possessing a path
between two nodes that visits each node in the graph exactly once. This path
is called Hamultonian path, or also Hamuilton path. Seen as graphs of amino
acids, proteins are known to contain a remarkable Hamiltonian path which is
its primary structure. Many algorithms for frequent subgraph discovery have
been proposed [Krishna 2011|. But none of them has taken into account the
Hamiltonian path information to reduce the number of frequent subgraphs in
the case of traceable graphs. Our ongoing work lies within this scope.

The Hamiltonian path forms a sort of backbone that maintains all the
graphs nodes linked. That is why we consider it as a concise description of
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Figure 8.2: Comparison of the classification accuracies between UnsubPatt-motifs
and gSpan-motifs using naive bayes.

a traceable graph. Hence, we claim that if a given graph is traceable, then it
would be easier to process it based on its Hamiltonian path. For our purpose,
we call a Hamzltonian edge, noted H-edge, every edge belonging to the selected
Hamiltonian path. Otherwise, we term it non-Hamiltonian edge, noted NH-
edge (see Table 8.2 for correspondence with terms in Chapter 7). We can
obviously notice that the Hamiltonian path of a traceable graph is the source
and the target of every NH-edge. In other words, every NH-edge links two
nodes that are not contiguous in the Hamiltonian path. Our purpose is to
make the ANTMOT algorithm generic in order to cover any traceable graph
rather than proteins. However, a traceable graph may contain more than one
hamiltonian path. Hence, the choice of the "best" one is an issue that must
be addressed.

Table 8.2: Correspondence with terms in Chapter 7.

Term (From Chapter 7) ‘ Traceable graph term

Primary structure ‘ Hamiltonian path

Sequential link ‘ Hamiltonian edge

Spatial link ‘ Non-Hamiltonian edge

Ant-motif ‘ Hamiltonian motif




APPENDIX A
Used Bioinformatics Data
Formats and Tools

A.1 Data formats

A.1.1 FASTA format

FASTA is a textual format used to represent biological sequences as a text
file. This format is very commonly used in bioinformatics. In FASTA format,
each nucleotide or amino acid sequence of the biological is represented by
a character. A biological sequence is represented by a string of characters
representing the successive nucleotides or amino acids of the sequence (Fig.

A).

>gl | 532319 |plir |TVEVZE |TVEVZ2E envelope protein
ELRLRYCAPAGFALLKCNDADYDGFKTNCSNVSVVHCTNLMNTTVTTGLLLNGSYSENRT
QIWQKHRTSNDSALILLNKHYNLTVTCKRPGNKTVLPVTIMAGLVFHSQKYNLRLRQAWC
HFPSNWKGAWKEVKEEIVNLPKERYRGTNDPKRIFFQROWGDPETANLWFNCHGEFFYCK
MDWFLNYLNNLTVDADHNECKNTSGTKSGNKRAPGPCVQRTYVACHIRSVIIWLETISKK
TYAPPREGHLECTSTVTGMTVELNYIPKNRTNVTLSPQIESIWAAELDRYKLVEITPIGEF
APTEVRRYTGGHERQKRVPFVEXX XXX KKK KKK KKK XX KXKKXXXVOSOHLLAGILQQQKNL
LAAVEAQQOMLKLTIWGVK

Figure A.1: FASTA format. The first line of a FASTA file describes the sequence.
This line begins with a ">" and the rest of the description (the original database of
the sequence, the sequence identifier in the database, a description) must be adjoined
to the sign ">". The other lines consist of characters representing the nucleotides or
amino acids of the sequence. The lines representing the sequence have a maximum
size. The maximum limit is 120 characters per line, but for historical reasons, the
maximum length of the line is generally 80 characters.

A.1.2 PDB format

PDB is a textual format describing the position of atoms in a molecule in a
three-dimensional space. To reduce file size, the hydrogen atoms are missing
from the description files of macromolecules. Even for small molecules, the
double bonds are rarely present. A typical PDB file describing a protein
consists of hundreds to thousands of lines like the example in Fig. A.2.
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HERDER EXTRACELLULAE MATRIX ZZ-JAN-98 1A3T
TITLE K-RAY CRYSTALLOGRAPHIC DETERMINATICON OF A COLLAGEN-LIKE
TITLE 2 PEPTIDE WITH THE BEFEATING SEQUENCE (FRO-FRO-GLY)

EXFDTA ¥-FAY DIFFEACTION
ATTTHOR R.Z.KFAMFE, L.VITAGLIAND, J.BELLA ,R.BERISIO, L.MAZZRARELLA,
AUTHOR 2 B.BRODSEY, A.ZAGRRT  H.M.BERMEN

REMARK 350 BIOMOLECULE: 1
BEMREK 350 APPLY THE FOLLOWING TO CHAINS: A, B, C

BEMRRK 350 BIOMTI1 1 1.000000 0.000000 0.000000 0.00000
REMRREK 350 BIOMT2 1 0.000000 1.000000 0.000000 0.00000

SEQRES LA 9 FRO PFRO GLY FRO FRO GLY FRDO PRD GLY
SEQRES 1B 6 FRO FEQO GLY FRDO FRD GLY
SEQRES 1. & FRO PEQO GLY FRD FRD GLY

ATOM 1 N FRO 2 1 84.316 21.2068 21.530 1.00 17.44 N
ATOM 2 CA FEOR 1 7.608 20.729 20.336 1.00 17.44 C
ATOM 3 C FRO 2 1 9.437 20.707 19.092 1.00 17.44 C
ATOM 4 0 FRO A 1 9.466 21.457 19.005 1.00 17.44 Q
ATOM 5 CR.EFEO R 1 6.460 21.723 20.211 1.00 22.26 C

Figure A.2: PDB format.The file describes the coordinates of the atoms that are
part of the protein. For example, the first ATOM line above describes the alpha-N
atom of the first residue of peptide chain A, which is a proline residue; the first three
floating point numbers are its z, y and z coordinates and are in units of Angstroms.
The next three columns are the occupancy, temperature factor, and the element
name, respectively.

A.2 Bioinformatics tools for classification

A.2.1 Sequential alignment: BLAST

The interestingness of the algorithm is that its design is based on a statistical
model established by Karlin and Altschul [Altschul 1990]. The basic unit of
BLAST is the HSP (High-scoring Segment Pair). It is a pair of fragments
identified on each of the compared sequences, of equal length but not prede-
fined, and which has a significant score. In other words, a HSP corresponds
to a common segment, as long as possible, between two sequences having a
score greater than or equal to a threshold score.
The BLAST algorithm performs in four steps illustrated by Fig. A.3:

1. The query sequence is cut into words of fixed size w (default: w = 3 for
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proteins, and w = 3 for nucleic data). For each of these words, a list of
similar words is created, using a substitution matrix.

2. Each word from the list of similar words is searched for similarity (a hit)
against all sequences of the database. A hit is also defined by a score
value that must be higher than a fixed value.

3. The similarity is extended starting from the common word, in both direc-
tions along the matching sequence. The extension will be finished when
either: the cumulated score decreases of a fixed amount compared to the
maximum value previously reached, the cumulated score becomes equal
to 0, or the extremity of one of the two sequences is reached. Finally,
the longest fragment found is called a High Scoring Pairs (HSP).

First step

Cuery sequence

— :| The guery sequence is cut in series of words of fixed length

For ¢ach word, a list of similar words is created

> using a substitution matrix
s d st
econd step o

SeqUences

— from

— the
P | database
Third step
o
& —
I I =

High scori

Figure A.3: Steps of BLAST alignment.
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A.2.2 Spatial alignment: Sheba

SHEBA [Jung 2000] is a protein structure alignment procedure. The initial
alignment is made by comparing a one-dimensional list of primary, secondary
and tertiary structural profiles of two proteins, without explicitly considering
the geometry of the structures. The alignment is then iteratively refined in
the second step, in which new alignments are found by three-dimensional
superposition of the structures based on the current alignment. SHEBA can
do pair-wise (one-to-one) alignment or multiple (one-to-many) alignment. It
also has several different output options:

- For pair-wise alignment: alignment statistics, corresponding sequence
alignments, formatted column output, a list of aligned residue numbers,
the transformation matrix, and the transformed coordinates in PDB-like
format.

- For multiple alignment: corresponding sequence alignments and multiple
alignment statistics.

ail2 a23

Figure A.4: Example of a hidden Markov model. X1,X2 and X3 present the hidden
states of the HMM profile and y1, y2, y3 and y4 present the symbols of alphabet
that can be emitted from the hidden states. The labelled arrows al2, a2l and a23
present the evolution probabilities of the system from one hidden state to another
where for instance X2 may evolve to X3 or X1 respectively with probability values
of a23 and a2l. However, the labelled arrows bll, bl2, ..., b33 and b34 are the
emission probabilities, for instance, the state X1 may emit the observation symbol
y1 with a probability value of b11 and so on.
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A.2.3 Hidden Markov models

Hidden Markov Models or HMM [Johnson 2006] are generative models of se-
quences defined by a set of states, a discrete alphabet of symbols, a matrix
of transition probabilities between states and a matrix of emissions proba-
bility of each symbol of the alphabet from each state (Fig.A.4. The system
randomly evolves from one state to another according to the transition prob-
abilities, emitting symbols of the alphabet. These models are mainly used
to address three issues namely: the evaluation of the probability of emitting
a given sequence of observations, finding the most probable path that gen-

erated a sequence of observations, and creating and calibrating models also
called HMM profiles.






APPENDIX B

Relational and Binary Coding
Methods Library for Biological
Sequences

B.1 Description

This library comprises methods to re-encode biological sequences (DNA and
protein) into relational or binary formats. Methods have been developed in C
language and can be called by the following interface:

MOTIFS EMCODING
Active Motifs<Discover

Dizscriminant Descriptors(DisClassz?
Discriminant Descriptors with Substtution Matrix

BIMARY EMCODING
Dickerson & Gediz....
Marliere & Saurine

Enter your choice:

Figure B.1: Main interface.

The menu consists of two sections:

B.1.1 Motifs based encoding methods

Active Motifs
- N-Grams

Discriminant Descriptors

Discriminant Descriptors with Substitution Matrices
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The generated files by these methods are under relational format, namely
ARFF format (Attribute Relation File Format) used by the workbench Weka.

B.1.2 Binary encoding methods
Dickerson & Geis

Marliere & Saurine

- De La Maza

Gracy & Mephu

B.2 How to use

Two files are needed i.e., SeqCod.exe and DLL _SeqCod.dll, to run the
application

Sequence file(s) in fasta format

Classification file(s) describing the sequences file (for methods based on
motifs)

Select a method to apply

B.2.1 Fasta format

>
MT3IFHFAIIFMLILOQIRIQLIEESEFLVDRSENGLIHVPEDLSOETTILNISCONYISEL
LEILIISHNRIQYLD ISVFEFNQELEYLDLSHNELVEISCHP TVNLEHLDLSFHNAFDALF
LEFLGL3TTHLEEI3VLF IAHLNISEVLLVLGETYGEKEDPEGLODFNTESLHIVFPTHE
ETVANLELENIECVYLEDNECSYF LI ILAKLOTHNPELI3LTLNNIETTWNSF IRILOQLVWH
VELOGOLDFRDFDY3GTILEALITHOVVIDVFGFPOIYIYE IFSHMN IENF TWVSGTRIVH
LHLDF3NNLLTDTWFENCGHLTELET

>

MPAT3I3IITIIAVAACLLLLVADAHAQOOCHNTOYGLTTHD IRCSVRALESGTGTRPLDLOV
CIQELLHASELAPGLFROLOKLIELRIDACKLORVPPHAFEGLMSLERL TLESHNAVIIGE
FOSLEELSELHLGDNMNIRQLPEGVWCSMPSLOLLNLTONREIRIAEFLGFIEELCAGIALS
ELOTLDVIFNELRILFDAWGASRLRRLOTLILOHNN ISTLAPHMAL AGLSSLEVLN ISYIH
GHEELRELHLOGHNDLYELPEGLLHRLEQLLVLDLIGHNOL TSHHVDNS TF AGLTRL IVLNL

Figure B.2: Fasta format. Each sequence starts by >.
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o lasses nurber

2

o lazses names
TLEH

TLEMH

H#rlasses instances
TLEH

TLEMNH

TLEMH

TLEMH

Figure B.3: Classification file.

B.2.2 Classification file

The classification file above describes a fasta file containing 4 biological se-
quences belonging to 2 classes: the 1st belongs to TLRH class and the 3 others
belong to TLRNH. To make the generation of such file easier, an application
has been developed: ClassFileGen.exe http://fc.isima.fr/ ~saidi.

B.2.3 Motif encoding methods
B.2.3.1 Common parameters

- Enter the FASTA file name (do not forget file extension, e.g.:
seq_file.txt),

- Enter the classification file name (do not forget file extension, e.g.:
seq_file class.txt),

- If there exists a test file then enter its name and the name of its classi-
fication file,

- When all parameters are set, enter the name of the output file (do not
forget file extension, e.g.: out_file.arff).

B.2.3.2 Active Motifs

- Select motif shape: *X* (for simple motifs, e.g.: RSMT) or *X*Y* (for
compound motifs: with gap, e.g. RSMT*VFF),

- Set the minimum length of motifs,

- Set the minimum occurrence number of motifs,


http://fc.isima.fr/~saidi

Appendix B. Relational and Binary Coding Methods Library for
134 Biological Sequences

- Set the number of allowed mutations (e.g., if number of allowed muta-
tions = 1 then the motifs RSMT and RSVT are considered the same).
B.2.3.3 N-Grams
- Enter the length of motifs (it is a fixed length: 3 by default: 3-grams).

B.2.3.4 Discriminative Descriptors

- Set alpha threshold of motifs: minimum occurrence rate of motifs within
a defined sequence family F' (e.g.: 0.9),

- Set beta threshold of motifs: maximum occurrence rate of motifs within
all sequence families excluding F, i.e., other families than the family F
(e.g.: 0.08),

- E.g., RSMT is a considered as motif of a family F' ¢f f it occurs in at
least 90% of the sequences of F' and at most 8% of the database sequences
excluding F', i.e., other families than the family F.

B.2.3.5 Discriminative Descriptors with Substitution Matrices
- Set alpha and beta thresholds (as in Discriminant Descriptors section),

- Select the substitution matrix number (e.g.: 2 for Blosum62),

- Set the similarity score threshold (or substitution probability): We con-
sider that a motif X substitutes a motif Y if their substitution probability
is higher than a given threshold.

B.2.4 Binary encoding methods

- Enter the FASTA file name (do not forget file extension, e.g.:
seq_file.txt),

- Enter the name of the output file.
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Karp-Rosenberg-Miller Algorithm

The algorithm of Karp, Miller and Rosenberg (KMR) is a method to detect
repetitions in a data structure (strings, tables). Richard Karp, Raymond
Miller and Arnold Rosenberg proposed it in 1972 [Karp 1972|. The original
version of the KMR algorithm is dedicated to one string and its complexity
is almost linear in the size of the structure as input. The original version has
been the kernel of other algorithms [Pisanti 2005| and it has been adapted
in a parallelized version |Crochemore 1991]. The KMR algorithm is based on
the following notion of equivalence:

Definition 33 Two positions © and j in a string S of length m are k-
equivalent, we note © Ey j, if and only if the two substrings of length k
Sli,i+k —1] and S[j,j + k — 1] are identical [Karp 1972].

We also say that the positions ¢ and j belong to the same equivalence class
in the level k. An equivalence relation Fj (or a level) k£ 1 < k < m, can be
represented by a vector Vi[l..m — k + 1], where each component V[i] of this
vector, 1 < i < m — k + 1, represents the number of the equivalence class to
which position i belongs to the equivalence relation Ej. Figure C.1 illustrates
a case of 2-equivalence between positions ¢ = 5 and 7 = 11. We note that it
is a repeated substring "NV" of length & = 2 identified in positions ¢ = 5 and
7 = 11. This repeated substring is one of equivalence class of the relation E,
(or level 2).

i1 i ]

F F V VIN V|V I I NN V|I
k k

Figure C.1: Illustration of 2-equivalence between positions i=5 and j=11

Given this, KMR provides a characterization of Ej ; in terms of Ej and
E;,. So that it constructs inductively larger sets E; by setting &' = 1 or
k' = k. That is, it increases the length of the substrings by concatenating two
substrings from the previous iteration using the following lemma:

Lemma 4 ([Karp 1972])
i By j& (i+k)Ey (J+k) ©i Egp j (C.1)
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Protein Graph Repository

D.1 Description

Protein Graph Repository (PGR) is an online repository mainly dedicated
to protein graphs. The core of this online repository is developed using both
JAVA and PHP as a programing languages and MySQL as a database manage-
ment system. In addition, PGR was deployed using the latest web technologies
and respecting the web standardization specifications.

D.2 How to use

The general operation schema is as follow :

D.2.1 Parser

This tool allows the transformation of PDB protein files [Berman 2000] into
graphs. Many graph formats could be generated enabling the use of panoply
of existant tools namely Biolyout |[Theocharidis 2009], Network Workbench
[Borner 2010], GraphClust [Recupero 2008] ...

Several methods of graph construction are supported. The use of the parser
is very simple:

- The user upload his list of PDB files

- Specify : the graph construction method, the appropriate parameters
values, and the output format

- Run the parser

A more detailed description is reported in the site.

D.2.2 Repository

The repository represents a protein graph data bank easily reached online for
PGR users. This repository is coupled with a selection tool allowing the fil-
tering and targeting of a specific population of protein graphs. The repository
is fed each time the parser is run. A download option is enabled making the
existent protein graphs available for any further purpose.
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Protein Graph Repository

Building graphs
from PDB files Searching

Parser ®  Repository
Saving
(graphs)

Uploading Downloading
(PDE format)

Figure D.1: PGR general schema.

| Connection

PROTEIN GRAPH REPOSITORY

Computational Processing of Protein Structures

Method : 1 'Er
Distance : ]

H-Bond Distance:

Upload pdb file : [ Parcounr. |
W 1CRM.pdb
W HIU.pdb
| Run

Home - Contact Us - Site map - Site Rules

Figure D.2: Parser.
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AWNISOU 1 N
ATOM 2 A
ANTIOU 2 Ch
ATON 3i i
ANTISOU 3
ATOM 3 o
AWISOU G |
ATOHN 5 CB
ANTIOU 5 CB
ATON 6 CGl
AWISOU G CG1
ATOM 7TCG2
AWNISOU 7CGE
ATOHN g N
ANTIOU g5 N
ATON 9 Ci
AWISOU 9 CA
ATOM 10 c

T

furl file:/D:/PhD Project/Development/ProGraMi/ProGralMy/ ./ dl/1J8U. pdb

VAL
VAL
VAL
VAL
VALL
VAL
VAL
VAL
VAL
VAL
VAL
VAL
VAL
FRO
FRO
FRO
FRO
PRO

e o I T = I~

118
11a
11s
118
11a
11s
118
118
1is
118
118
11s
118
119
119
118
119
119

2665 4753 5115 601
-22.930 34.137 18.398
2802 5514 5405 1372
-—22.581 3Z.698 18.016
2557 4202 4270 1123
-23.138 31.815 18.678
3207 6092 4593 431
-22.170 34.3594 19.719
3837 5892 5265 18629
-20.659 34.287 19.512
3565 6029 3842 15
-22.505 35.754 Z0.308
5652 5089 5365 1353
-21.704 3Z.471 17.0389
3291 4286 3665 1117
-21.318 31.085 16.6590
3415 4170 3389 954
-20.664 30.308 17.842

Figure D.3: PDB file.

#graph_building_met.hod BasedOnillitoms 3.64

Hvertices 4

P R = T R

194

b B = I~ = B /R~ R w B I = B S T T —
=
X

Figure D.4: PGR file.
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PROTEIN GRAPH REPOSITORY

D ﬂlz Computational Processing of Protein Structures
¢oRETrucTio

Id pdb Method Distancei Distance2 Distance?3 Format

Protein Graph Repository

_ [F] Id pdb Method Distancel Distance2 Distance3 format _
| 1y8u |BasedonCalpha 10 mmn_

F/1j8u BasedOnCAlpha 1.0 'nwh

B |1j8U BasedOnCAlpha 10 sds

18U BasedOnCAlpha 10 Ing

[ 1)8u BasedOnCAlpha 1.0 layout

[ 1)8u BasedOnCaAlpha 2.0 pgr
_ Emm_ﬂ_o: [10]=] View1-60f6

Figure D.5: Data
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ANTMOT Read Me

E.1 Command line

java —heap —jar antmot.jar names pdb_path dist
max_sizemin_intra_freq max_extra_freq minimality
motif_path

E.2 Example

java —Xmx1024m —jar antmot.jar test.txt ./pdb 27 = 7 0.5 0 false
motifs_test.txt

E.3 Paramaters

E.3.1 Input

heap: java heap memory for example Xmx1024m

names: file containing pdb names in the format illustrated by figure 1

pdb_path: folder where the pdb files are saved

graph_build: method of graph building, values=1 , 2, 1 for AllAtoms

method and 2 for CarbonAlpha method.

dist: distance used by the method of graph building (graph_build)

min_size: minimum number of vertices in motifs

max_size: maximum number of vertices in motifs

min_intra_freq: minimum frequency of a motif within a given class

max_extra_freq: maximum frequency of a motif in an outer class

minimality: boolean parameter to stop building the motif if it satisfies

min_intra_freq and max_extra_freq. This parameter is not yet imple-
mented in our program, so the current and default value is false.
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E.3.2 Output

arff_path: arff file used to perform classification with Weka workbench.
motif path: file where motifs are saved (figure 2)

#Family 1
1BLX.pdb
1BYG.pdb
1CEI.pdb
1CMe.pdb
1FGK.pdb
#Family 2
1A¥I.pdb
1B7Y.pdb
1BHGE.pdb
1CTE.pdb
1C9B.pdb
1CF5.pdb

Figure E.1: File containing the names of concerned pdb files belonging to two fam-
ilies.

tfMotif 321
vl I
vl R
v2 L
e 010
e 021
t#Motif 322
v0 L
vl ¥V
vz K
v3 T
e 01
e 0 2
e 0 3 2
t#Motif 323

[}

[y

Figure E.2: Sample of an output file containing ant motifs.
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E.4 Redundancy and runtime

The time needed to extract spatial motifs is strongly proportional with their
sizes. If the proteins are very similar (for example they share identical chains),
the runtime increases considerably.

It is well advised to find spatial motifs in distinct chains. That is why
works dealing with finding spatial motifs from proteins process one-chain-
protein structures or at worst protein structures that do not contain redundant
chains. In order to check this redundancy, one can make a blast alignment. If
there exist very similar chains then the runtime is expected to be long.

The redundancy can also be detected more easily using our program, by
affecting the value "0" to the parameter dist. That means that the program
will only consider the primary structures. The program will terminate very
rapidly and show the size of extracted motifs (the final value of k, see Fig.
E.4). A high final value of k indicates that there exist very similar chains.

Application of ant-lemma...

Motif extraction...

RESULTS SAUVED

Figure E.3: Screenshot of the program running.

E.5 Memory and result recovery

The program manages the allocated memory and if it is not enough it will indi-
cate it and recover the lately extracted motifs since the start till the memory-
lack termination.
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Motif Extraction from Complex Data: Case of Protein
Classification

Abstract: The classification of biological data is one of the significant challenges in
bioinformatics, as well for protein as for nucleic data. The presence of these data in huge
masses, their ambiguity and especially the high costs of the in vitro analysis in terms of
time and resources, make the use of data mining rather a necessity than a rational choice.
However, the data mining techniques, which often process data under the relational format,
are confronted with the inappropriate format of the biological data. Hence, an inevitable
step of pre-processing must be established.

This thesis deals with the protein data preprocessing as a preparation step before their
classification. We present motif extraction as a reliable way to address that task. The ex-
tracted motifs are used as descriptors to encode proteins into feature vectors. This enables
the use of known data mining classifiers which require this format. However, designing a
suitable feature space, for a set of proteins, is not a trivial task.

We deal with two kinds of protein data i.e., sequences and tri-dimensional structures. In the
first axis i.e., protein sequences, we propose a novel encoding method that uses amino-acid
substitution matrices to define similarity between motifs during the extraction step. We
demonstrate the efficiency of such approach by comparing it with several encoding meth-
ods, using some classifiers. We also propose new metrics to study the robustness of some of
these methods when perturbing the input data. These metrics allow to measure the ability
of the method to reveal any change occurring in the input data and also its ability to target
the interesting motifs. The second axis is dedicated to 3D protein structures which are re-
cently seen as graphs of amino acids. We make a brief survey on the most used graph-based
representations and we propose a naive method to help with the protein graph making. We
show that some existing and widespread methods present remarkable weaknesses and do not
really reflect the real protein conformation. Besides, we are interested in discovering recur-
rent sub-structures in proteins which can give important functional and structural insights.
We propose a novel algorithm to find spatial motifs from proteins. The extracted motifs
match a well-defined shape which is proposed based on a biological basis. We compare with
sequential motifs and spatial motifs of recent related works. For all our contributions, the
outcomes of the experiments confirm the efficiency of our proposed methods to represent
both protein sequences and protein 3D structures in classification tasks.

Software programs developed during this research work are available on my home page
http://fc.isima.fr/ ~saidi.

Keywords: Preprocessing, motif/feature extraction, protein classification, protein struc-

tures, sequential motif, spatial motif.
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Extraction de Motifs des Données Complexes: Cas de la
Classification des Protéines

Abstract: La classification est 'un des défis important en bioinformatique, aussi bien
pour les données protéiques que nucléiques. La présence de ces données en grandes masses,
leur ambiguité et en particulier les cotits élevés de ’analyse in wvitro en termes de temps
et d’argent, rend l'utilisation de la fouille de données plutét une nécessité qu’un choix ra-
tionnel. Cependant, les techniques fouille de données, qui traitent souvent des données sous
le format relationnel, sont confrontés avec le format inapproprié des données biologiques.
Par conséquent, une étape inévitable de prétraitement doit étre établie.

Cette these traite du prétraitement de données protéiques comme une étape de prépara-
tion avant leur classification. Nous présentons 'extraction de motifs comme un moyen fiable
pour répondre & cette tache. Les motifs extraits sont utilisés comme descripteurs, en vue de
coder les protéines en vecteurs d’attributs. Cela permet 1'utilisation des classifieurs connus.
Cependant, la conception d’un espace appropié d’attributs, n’est pas une tache triviale.
Nous traitons deux types de données protéiques a savoir les séquences et les structures
3D. Dans le premier axe, i.e., celui des séquences, nous proposons un nouveau procédé de
codage qui utilise les matrices de substitution d’acides aminés pour définir la similarité en-
tre les motifs lors de I’étape d’extraction. En utilisant certains classifieurs, nous montrons
Pefficacité de notre approche en la comparant avec plusieurs autres méthodes de codage.
Nous proposons également de nouvelles métriques pour étudier la robustesse de certaines
de ces méthodes lors de la perturbation des données d’entrée. Ces métriques permettent de
mesurer la capacité d’une méthode de révéler tout changement survenant dans les données
d’entrée et également sa capacité a cibler les motifs intéressants. Le second axe est consacré
aux structures protéiques 3D, qui ont été récemment considérées comme graphes d’acides
aminés selon différentes représentations. Nous faisons un bref survol sur les représenta-
tions les plus utilisées et nous proposons une méthode naive pour aider a la construction
de graphes d’acides aminés. Nous montrons que certaines méthodes répandues présentent
des faiblesses remarquables et ne reflétent pas vraiment la conformation réelle des pro-
téines. Par ailleurs, nous nous intéressons & la découverte, des sous-structures récurrentes
qui pourraient donner des indications fonctionnelles et structurelles. Nous proposons un
nouvel algorithme pour trouver des motifs spatiaux dans les protéines. Ces motifs obéissent
& un format défini sur la base d’'une argumentation biologique. Nous comparons avec des
motifs séquentiels et spatiaux de certains travaux reliés. Pour toutes nos contributions,
les résultats expérimentaux confirment l'efficacité de nos méthodes pour représenter les
séquences et les structures protéiques, dans des taches de classification.

Les programmes developpés sont disponibles sur ma page web http://fc.isima.fr/~saidi.
Mots-clés: Prétraitement, extraction de motif, classification de proteins, structure pro-

téique, motif séquentiel, motif spatial.
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