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Preface

The field of bioinformatics has two main objectives: the creation and mainte-
nance of biological databases, and the discovery of knowledge from life sciences
data in order to unravel the mysteries of biological function, leading to new drugs
and therapies for human disease. Life sciences data come in the form of biological
sequences, structures, pathways, or literature. One major aspect of discovering
biological knowledge is to search, predict, or model specific patterns present in
a given dataset and then to interpret those patterns. Computer science methods
such as evolutionary computation, machine learning, and data mining all have
a great deal to offer the field of bioinformatics. The goal of the Fifth European
Conference on Evolutionary Computation, Machine Learning, and Data Mining
in Bioinformatics (EvoBIO 2007) was to bring experts in computer science to-
gether with experts in bioinformatics and the biological sciences to explore new
and novel methods for solving complex biological problems.

The fifth EvoBIO conference was held in Valencia, Spain during April 11-13,
2007 at the Universidad Politecnica de Valencia. EvioBIO 2007 was held jointly
with the Tenth European Conference on Genetic Programming (EuroGP 2007),
the Seventh European Conference on Evolutionary Computation in Combinato-
rial Optimisation (EvoCOP 2007), and the Evo Workshops. Collectively, the con-
ferences and workshops are organized under the name Evo* (www.evostar.org).

EvoBIO, held annually as a workshop since 2003, became a conference in 2007
and it is now the premiere European event for those interested in the interface be-
tween evolutionary computation, machine learning, data mining, bioinformatics,
and computational biology. All papers in this book were presented at EvoBIO
2007 and responded to a call for papers that included topics of interest such
as biomarker discovery, cell simulation and modeling, ecological modeling, flux-
omics, gene networks, biotechnology, metabolomics, microarray analysis, phy-
logenetics, protein interactions, proteomics, sequence analysis and alignment,
and systems biology. A total of 60 papers were submitted to the conference for
double-blind peer-review. Of those, 28 (46.7%) were accepted.

We would first and foremost like to thank all authors who spent time and
effort to make important contributions to this book. We would like to thank the
members of the Program Committee for their expert evaluation of the submitted
papers. Moreover, we would like to thank Jennifer Willies for her tremendous
administrative help and coordination, Anna Isabel Esparcia-Alcazar for serving
as the Local Chair, Leonardo Vanneschi for serving as Evo* Publicity Chair,
Marc Schoenauer and the MyReview team (http://myreview.lri.fr/) for the
conference management system.

We would also like to acknowledge the following organizations. The Univer-
sidad Politécnica de Valencia, Spain for their institutional and financial sup-
port, and for providing premises and administrative assistance; the Instituto



VI Preface

Tecnoldgico de Informética in Valencia, for cooperation and help with local ar-
rangements; the Spanish Ministerio de Educacién y Ciencia, for their financial
support; and the Centre for Emergent Computing at Napier University in Edin-
burgh, Scotland for administrative support and event coordination.

Finally, we hope that you will consider contributing to EvoBIO 2008.

February 2007 Elena Marchiori
Jason H. Moore
Jagath C. Rajapakse



Organization

EvoBIO 2007 was organized by Evo* (www.evostar.org).

Program Chairs

Elena Marchiori
Jason H. Moore

(IBIVU, VU University Amsterdam, The Netherlands)
(Dartmouth Medical School in Lebanon, NH,USA)

Jagath C. Rajapakse (Nanyang Technological University, Singapore)

General Chairs

David W. Corne (Heriot-Watt University, Edinburgh, UK)
Elena Marchiori (IBIVU, VU University Amsterdam, The Netherlands)

Steering Committee

David W. Corne
Elena Marchiori
Carlos Cotta

Jason H. Moore

(Heriot-Watt University, Edinburgh, UK)

(IBIVU, VU University Amsterdam, The Netherlands)
(University of Malaga, Spain)

(Dartmouth Medical School in Lebanon, NH,USA)

Jagath C. Rajapakse (Nanyang Technological University, Singapore)

Program Committee

Jesus S. Aguilar-Ruiz (Spain)
Francisco J. Azuaje (UK)
Wolfgang Banzhaf (Canada)
Jacek Blazewicz (Poland)
Marius Codrea (The Netherlands)
Dave Corne (UK)
Carlos Cotta (Spain)
Alex Freitas (UK)
Gary Fogel (USA)
James Foster (USA)
Rosalba Giugno (Italy)
Raul Giraldez (Spain)
Jin-Kao Hao (France)
Antoine van Kampen

(The Netherlands)
Natalio Krasnogor (UK)
Ying Liu (USA)

Elena Marchiori (The Netherlands)
Andrew Martin (UK)

Jason Moore (USA)

Pablo Moscato (Australia)
Jagath Rajapakse (Singapore)
Menaka Rajapakse (Singapore)
Michael Raymer (USA)

Vic J. Rayward-Smith (UK)
Jem Rowland (UK)

Marylyn Ritchie (USA)

Ugur Sezerman (Turkey)
El-Ghazali Talbi (France)
Andrea Tettamanzi (Italy)
Janet Wiles (Australia)
Andreas Zell (Germany)
Eckart Zitzler (Switzerland)



Table of Contents

Identifying Regulatory Sites Using Neighborhood Species .............
Claudia Angelini, Luisa Cutillo, Italia De Feis,
Richard van der Wath, and Pietro Lio’

Genetic Programming and Other Machine Learning Approaches to
Predict Median Oral Lethal Dose (LDsg) and Plasma Protein Binding
Levels (%PPB) of Drugs ... ..coviiii i
Francesco Archetti, Stefano Lanzeni, Enza Messina, and
Leonardo Vanneschi

Hypothesis Testing with Classifier Systems for Rule-Based Risk
Predichion sms cumsmsams oo sms 550505 §08 @8 450585 5505 6 b o i s oo i v im0 smns 0 s s 0 on
Flavio Baronti and Antonina Starita

Robust Peak Detection and Alignment of nanoLC-FT Mass
Spectrometry Data . ...
Marius C. Codrea, Connie R. Jiménez, Sander Piersma,
Jaap Heringa, and Elena Marchiori

One-Versus-One and One-Versus-All Multiclass SVM-RFE for Gene
Selection in Cancer Classification . ...............uuuuinnannn. ..
Kai-Bo Duan, Jagath C. Rajapakse, and Minh N. Nguyen

Understanding Signal Sequences with Machine Learning ..............
Jean-Luc Falcone, Renée Kreuter, Dominique Belin, and
Bastien Chopard

Targeting Differentially Co-regulated Genes by Multiobjective and
Multimodal Optimization ............ .. ... . .0 ...
Oscar Harari, Cristina Rubio-FEscudero, and Igor Zwir

Modeling Genetic Networks: Comparison of Static and Dynamic
MOAEIS: : suss 55555 55555 55560 5ms amamecmaime smadosisie nmeimwnmeme e
Cristina Rubio-Escudero, Oscar Harari, Oscar Corddn, and
Igor Zwir

A Genetic Embedded Approach for Gene Selection and Classification

of MacTOarTay Dabta: suses snenpsassoinimin: saims sRims (HIEDiBBEIRs
Jose Crispin Hernandez Hernandez, Béatrice Duwal, and
Jin-Kao Hao

Modeling the Shoot Apical Meristem in A. thaliana: Parameter
Estimation for Spatial Pattern Formation ...........................
Tim Hohm and Eckart Zitzler



X Table of Contents

Evolutionary Search for Improved Path Diagrams ....................
Kim Laurio, Thomas Svensson, Mats Jirstrand, Patric Nilsson,
Jonas Gamalielsson, and Bjorn Olsson

Simplifying Amino Acid Alphabets Using a Genetic Algorithm and
Sequence Alignment . ........... ... ... ...
Jacek Lenckowski and Krzysztof Walczak

Towards Evolutionary Network Reconstruction Tools for Systems
Biology . ...
Thorsten Lenser, Thomas Hinze, Bashar Ibrahim, and Peter Dittrich

A Gaussian Evolutionary Method for Predicting Protein-Protein
Interaction Sites .. ...
Kang-Ping Liu and Jinn-Moon Yang

Bio-mimetic Evolutionary Reverse Engineering of Genetic Regulatory
INGEWOTKS : 5msms cmsims s msie cm i@ aems 265500 ime nm e nimeme omemn e o s e
Daniel Marbach, Claudio Mattiussi, and Dario Floreano

Tuning ReliefF for Genome-Wide Genetic Analysis ...................
Jason H. Moore and Bill C. White

Dinucleotide Step Parameterization of Pre-miRNAs Using
Multi-objective Evolutionary Algorithms ............................
Jin-Wu Nam, In-Hee Lee, Kyu-Baek Hwang, Seong-Bae Park, and

Byoung-Tak Zhang

Amino Acid Features for Prediction of Protein-Protein Interface
Residues with Support Vector Machines ............................
Minh N. Nguyen, Jagath C. Rajapakse, and Kai-Bo Duan

Predicting HIV Protease-Cleavable Peptides by Discrete Support
Vector Machines ............ .
Carlotta Orsenigo and Carlo Vercellis

Inverse Protein Folding on 2D Off-Lattice Model: Initial Results and
Perspectives .. ...
David Pelta and Alberto Carrascal

Virtual Error: A New Measure for Evolutionary Biclustering...........
Beatriz Pontes, Federico Divina, Rail Girdldez, and
Jesus S. Aguilar—Ruiz

Characterising DNA/RNA Signals with Crisp Hypermotifs: A Case
Study on Core Promoters ................ouuiiiiiin..
Carey Pridgeon and David Corne



Table of Contents

Evaluating Evolutionary Algorithms and Differential Evolution for the
Online Optimization of Fermentation Processes ......................
Miguel Rocha, José P. Pinto, Isabel Rocha, and FEugénio C. Ferreira

The Role of a Priori Information in the Minimization of Contact
Potentials by Means of Estimation of Distribution Algorithms .........
Roberto Santana, Pedro Larranaga, and Jose A. Lozano

Classification of Cell Fates with Support Vector Machine Learning . . ...
Ofer M. Shir, Vered Raz, Roeland W. Dirks, and Thomas Bick

Reconstructing Linear Gene Regulatory Networks ... .................
Jochen Supper, Christian Spieth, and Andreas Zell

Individual-Based Modeling of Bacterial Foraging with Quorum Sensing
in a Time-Varying Environment ............... ... ... ... ..........
W.J. Tang, Q.H. Wu, and J.R. Saunders

Substitution Matrix Optimisation for Peptide Classification ...........
David C. Trudgian and Zheng Rong Yang

Author Index . ......... .. .

XI



Identifying Regulatory Sites Using
Neighborhood Species

Claudia Angelini!, Luisa Cutillo!, Italia De Feis!, Richard van der Wath?,
and Pietro Lio’?*

! Istituto per le Applicazioni del Calcolo ”"Mauro Picone” CNR, Napoly Italy
c.angelini@iac.cnr.it, cutillo@na.iac.cnr.it, i.defeis@Qiac.cnr.it
2 Computer Laboratory, University of Cambridge, Cambridge UK
rcv23@cam.ac.uk, pl219@Qcam.ac.uk

Abstract. The annotation of transcription binding sites in new se-
quenced genomes is an important and challenging problem. We have
previously shown how a regression model that linearly relates gene ex-
pression levels to the matching scores of nucleotide patterns allows us
to identify DNA-binding sites from a collection of co-regulated genes
and their nearby non-coding DNA sequences. Our methodology uses
Bayesian models and stochastic search techniques to select transcrip-
tion factor binding site candidates. Here we show that this methodology
allows us to identify binding sites in nearby species. We present examples
of annotation crossing from Schizosaccharomyces pombe to Schizosaccha-
romyces japonicus. We found that the engl motif is also regulating a set
of 9 genes in S. japonicus. Our framework may have an effective interest
in conveying information in the annotation process of a new species. Fi-
nally we discuss a number of statistical and biological issues related to
the identification of binding sites through covariates of genes expression
and sequences.

1 Introduction

The identification of the repertoire of regulatory elements in a genome is one
of the major challenges in modern biology. Gene transcription is determined by
the interaction between transcription factors and their binding sites, called mo-
tifs or cis-regulatory elements. In eukaryotes the regulation of gene expression
is highly complex and often occurs through the coordinated action of multiple
transcription factors. This combinatorial regulation has several advantages; it
controls gene expression in response to a variety of signals from the environment
and allows the use of a limited number of transcription factors to create many
combinations of regulators. Identification of the regulatory elements is necessary
for understanding mechanisms of cellular processes. In eukaryotes these sites
comprise short DNA stretches often found within non-coding upstream regions.
DNA microarrays provide a simple and natural vehicle for exploring the regula-
tion of thousands of genes and their interactions. Genes with similar expression
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profiles are likely to have similar regulatory mechanisms. A close inspection of
their promoter sequences may therefore reveal nucleotide patterns that are rel-
evant to their regulation.

In order to identify regulative sites several authors have used the following
strategy: 1) candidate motifs can be obtained from the upstream regions of the
most induced or most repressed genes; 2) a score can be assigned to reflect
the matching of each motif to a particular upstream sequence; 3) regression
analysis and variable selection methods can be used to detect sets of motifs
acting together to affect the expression of genes [4,5,8].

Most of the current focus on microarray analysis is on integrating results
from repeated experiments using the same species or using different species. This
paper is extending this focus to transcription factor binding site identification.
Following (8], we propose the use of Bayesian variable selection models to use
the gene expression of an organism to find transcription binding sites of a closely
related species or of a different strain. Variable selection methods use a latent
binary vector to index all possible sets of variables (patterns). Stochastic search
techniques are then used to explore the high-dimensional variable space and
identify sets that best predict the response variable (expression). The method
provides joint posterior probabilities of sets of patterns, as well as marginal
posterior probabilities for the inclusion of single nucleotide patterns. We have
chosen to exemplify our methodology using S. japonicus and S. pombe genomes
and microarray data from cell cycle-regulated gene experiments [6].

Similar to a better known Schizosaccharomyces S. pombe, which has been a
major model organism for cell cycle and cell biology research for thirty years,
S. japonicus is a simple, unicellular yeast. Unlike the cousin, it readily adopts
a invasive, hyphal growth form. Such growth is an important virulence trait in
pathogenic fungi, making S. japonicus a potentially important model for fungal
disease. The comparison of the S. pombe genome, which was sequenced several
years ago, with those of its close relatives will greatly improve our understanding
of the genomes and the proteins they encode. In addition, the three fission yeasts
form an early-branching clade among the Ascomycete (ascus-forming) fungi,
which includes yeast, hyphal fungi, and truffles [2]. Although a great deal of
molecular information is available from S. pombe, a model eukaryote, very little
is known about the S. japonicus cell-cycle regulative network.

Here we show that our methodology allows us to identify binding sites in .
Japonicus using S. pombe gene expression data. As an example of annotation
crossing from S. pombe to S. japonicus we focus on the Engl cluster, a set of
very strongly cell cycle-regulated genes, which in S. pombe contains nine genes,
involved in cell separation [6]. The genes are adgl and adg2 (cell surface glyco-
proteins), adg3 (glucosidase), agnl and engl (glycosyl hydrolases), cfh4 (chitin
synthase regulatory factor), mid2 (an anillin needed for cell division and septin
organization), ace2 (a cell cycle transcription factor), and SPCC306.11, a se-
quence orphan of unknown function. Motif searches showed that each gene of
the cluster has at least one binding site for the Ace2 transcription factor (consen-
sus CCAGCC). The Engl cluster has a recognizably similar functional cluster in
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S. cerevisiae, the SIC1 cluster, which also contains the glycosyl hydrolase engl
in §. pombe, and its ortholog DSE4 in S. cerevisiae.

In the next section we briefly describe the data and provide details on the
statistical procedures used. Then we describe the analysis and related findings.
Finally we discuss statistical issues related to the procedure we have used and
the potentialities, which are currently addressed.

2 Methodology

2.1 Motif Selection Procedure

We propose a method for finding DNA binding sites which is an extension of that
from [8]. While these authors have shown that variable selection is more effective
than the linear regression used by [4], we have extended their procedure to time
series analysis and to the use of gene expression from different species/strains.
We briefly describe our methodology, pointing to the differences with respect
to [8].We consider microarray experiments that explore the transcriptional re-
sponses of the fission yeast S. pombe [6] to cell cycle. This allows us to compare
two organisms with similar biological complexity. We focus on two stress con-
ditions in wild type cultures: oxidative stress caused by hydrogen peroxide and
heat shock caused by temperature increase. Our other data consists of the or-
ganisms’ genome sequences. S. Pombe DNA sequence data were obtained from
the NCBI’s FTP site (ftp://ftp.ncbi.nih.gov/genomes/); S. japonicus se-
quence data from (http://www.broad.mit.edu). The motif finding algorithms
are sensitive to noise, which increases with the size of upstream sequences ex-
amined. As reported by [9], the vast majority of the yeast regulatory sites from
the TRANSFAC database are located within 800 bp from the translation start
site. We therefore extracted sequences up to 800 bp upstream, shortening them,
if necessary, to avoid any overlap with adjacent ORF’s. For genes with negative
orientation, this was done taking the reverse complement of the sequences. Then
we used MDScan [5] to search for nucleotide patterns. The algorithm starts by
enumerating each segment of width w (seed) in the top t sequences. For each
seed, it looks for w-mers with at least n base pair matches in the t sequences.
These are used to form a motif matrix and the highest scoring seeds are retained.
The updating step is done iteratively by scanning all w-mers in the remaining
sequences and adding in or removing from the weight matrix segments that in-
crease the score. This is repeated until the alignment stabilizes. The score of each
motif is computed as in [4]. For each organism, the entire genome regions were
extracted and used as background models. We searched for nucleotide patterns
of length 5 to 15 bp and considered up to 30 distinct candidates for each width.

Our methodology is summarized in Figure 1 and proceed as follows: we first
select candidate motifs which are generated from the over-represented nucleotide
patterns, then we derive pattern scores for each motif following [4]. We continue
by fitting a linear regression model relating gene expression levels (Y) to pattern
scores (X)), and using a Bayesian variable selection method we select motifs that
best explain and predict the changes in expression level.
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Fig. 1. Graphical representation of methodology

The variable selection method proceeds as follows. A latent vector, vy , with
binary entries is introduced to identify variables included in the model; 7; takes
on value 1 if the j*" variable (motif) is included and 0 otherwise. The regression
model is then given by:

Y =X, 8y+6, e ~ N(0,0?), (1)

where the columns of X and Y are mean-centered and (v) indexes variables
included in the model [1].
We specify Bernoulli priors for the elements of ¥:

/4

piv) =[Joa -6y, (2)

Jj=1

where § = pprior/p and Dprior 18 the number of covariates expected a priori to be
included in the model. For the other model parameters, we take

By ~ N(0,e{X] X,}7)
0% ~ Inv—x?(a, b), (3)

where a, b and ¢ need to be assessed through a sensitivity analysis (see [8]). The
scaling value b was taken to be comparable in size to the expected error variance
of the standardized data.

Note that, with respect to [8], the choice of the prior is not completely random:
it draws suggestions from the motifs already discovered in analysis of the genome
data of close species.
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2.2 Stochastic Search

Having set the prior distributions, a Bayesian analysis proceeds by updating the
prior beliefs with information that comes from the data. Our interest is in the
posterior distribution of the vector v given the data, f(y|X,Y’). Vector values
with high probability identify the most promising sets of candidate motifs. Given
the large number of possible vector values (2P possibilities with p covariates), we
use a stochastic search Markov chain Monte Carlo (MCMC) technique to search
for sets with high posterior probabilities.

Our method visits a sequence of models that differ successively in one or two
variables. At each iteration, a candidate model, y*°V, is generated by randomly
choosing one of these two transition moves:

(i) Add or delete one variable from °!.

(i) Swap the inclusion status of two variables in -y
The proposed 9™V is accepted with a probability that depends on the ratio
of the relative posterior probabilities of the new versus the previously visited

models:
. f new X’ Y
mln{%%—(—v—f)z,l}, (4)

old

which leads to the retention of the more probable set of patterns [8,1].

Our stochastic search results in a list of visited sets and corresponding rela-
tive posterior probabilities. The marginal posterior probability of inclusion for a
single motif j, P(v; = 1|X,Y), can be computed from the posterior probabilities
of the visited models:

ply; = 1X,Y) = /P (=L vpIX.Y) dviy (5)

x /P (YIX,W’J’ = 17’7(~j)) p(y)dv ;)

M
~ Zp (Y|X7’7j = 17’7Et_)j)) P (’Yj &= 17’7?2]')) s
t=1
where 7Etjj) is the vector <y at the t'" iteration without the j*" motif.

For each organism and stress condition, we regressed the expression levels on
the pattern scores using separate models. In all cases, the analyses were started
with a set of around 200 patterns. We chose pprior = 10 for the prior of «y. This
means that we expect models with relatively few motifs to perform well.

For every regression model, we ran 8 parallel MCMC chains. The searches were
started with a randomly selected «;’s set to one. We pooled together the sets of
patterns visited by the 8 MCMC chains and computed the normalized posterior
probabilities of each distinct visited set. We also computed the marginal posterior
probabilities, P(y; = 1|X,Y’), for the inclusion of single nucleotide patterns.

For comparison, we repeated the analysis with MotifRegressor [4], which uses
stepwise regression to select motifs.



