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Introduction

...πoλλω̃ν χαλινω̃ν ε%γoν oιάxων ϑ′ αµα,

Σoϕoxλέα

...the bridle and the rudder too,

Sophocles
(496-406 B.C.)

The main focus of this thesis is on learning Bayesian Networks in large and
structured domain. This work is composed by four papers and one appendix.
Each paper is self-contained with its bibliography and figures, tables and equation
numbering. Parts and bits therefore appear in more than one paper. Original
methods developed in such papers have been implemented in the R envirnonment,
[13], and the user’s manual of the suite of functions created is included in the
appendix.

The starting point of this thesis has been gene expression problem through
microarray experiments. Without enter in technicalities, and addressing the reader
to [34] for a wider review of microarray experiments, DNA microarrays have
been usefully exploited to screen gene expression in comparative experiments,
for example, different classes of patients affected by breast cancer, [32, 33]. The
problem of the analysis of microarray data is that they produce data structures
characterized by a large number of variables and very few replications as well as
many different sources of bias affect the raw data, making the reproducibility and
reliability of results low, [26].

Given all these problems, the question that a statistician has to face is: How to
extract information from the huge amount of microarray data, to rebuild a genetic
network, i.e. a causal model describing the gene regulation process?
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In order to answer to this question we developed methods to learn probabilistic
networks in large and structured domains characterized by regularities supposed
to be also present in genetic networks, as described in the following.

Paper1: A review on learning the structure of Bayesian Networks represent-
ing influence relations among genes

The intent of this paper is twofold: first, to provide a review on structural learn-
ing of Bayesian Networks; second, to describe some key features of microarray
experiment which are performed to assess differential gene expression.

Bayesian Networks (BNs), [8, 14, 24], are among the leading technologies
to describe and derive conditional independence relations existing among ran-
dom variables. Addressing to [8, 14] for terminology and theoretical aspects, a
Bayesian network is defined as a directed acyclic graph that encodes the joint
probability distribution for a set of random variables. The nodes in the graph rep-
resent the random variables and missing arrows between the nodes, specify prop-
erties of conditional independence between the variables. Therefore BNs are an
effective way to characterize probabilistic and causal relations among variables.

The appropriate graphical model that best depicts the problem domain is of-
ten provided by an expert, and the BN is ready to be used for inferential purpose.
There are also many situations in which the appropriate domain expertise is not
available, so from the beginning the user is obliged to looked to data to suggest
what modelling assumptions might be appropriate. The prevalence and the impor-
tance of such problem is reflected in the rapidly expanding interest in the general
area of the structural learning of probabilistic network from data, an area that nat-
urally merges with a number of more general field of research, including statistical
modelling, where the extraction of information from data is a classical challenge,
and machine learning.

In this paper we provide a wide review of different approaches of learning
a Bayesian Networks from data. We focus our attention on the constraint-based
approach, where we mainly describe the PC and the NPC algorithm, [29, 30] and
on the score & search approach, where we depict Penalized Likelihood metrics,
[1, 28], Bayesian metrics, [7, 10] and information theory based metrics, [16] as
well as heuristic strategies as HillClimbing, [6, 27], Simulated Annealing, [15],
and Genetic Algorithm, [12, 18].

Paper2: Encoding structural prior information to learn Bayesian Networks

By the review provided on paper 1, we decided to move in the score & search
approach, focusing on bayesian metrics, in which the score value assigned to a
candidate structure is its posterior probability, given the data and a prior distribu-
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tion over structures. We noticed that if a lot of efforts have been done to encode
the likelihood, [7, 10], not much interest has been dedicated to the prior distrib-
ution on structure. In large and structured domains as the microarray area, the
expert knowledge domain is quit rich and the elicitation of this information can
improve the overall performance of the structural learning process. Most of the
approaches developed in the literature to elicit the a-priori distribution on Directed
Acyclic Graphs (DAGs) require a full specification of graphs, [5, 10, 11]. Never-
theless, expert’s prior knowledge about conditional independence relations may
be weak, making the elicitation task troublesome. Moreover, the detailed spec-
ification of prior distributions for structural learning is NP-Hard, [6], namely in
large networks the elicitation is not practical. This is the case, for example, of
gene expression analysis, in which a small degree of graph connectivity is a priori
plausible and where substantial information may regard dozens against thousands
of nodes.

In order to solve this problem, we propose an elicitation procedure for DAGs
which exploits prior knowledge on network topology, and that is suited to large
Bayesian Networks. Then, we develop a new quasi-Bayesian score function, the
P-metric, to perform structural learning following a score-and-search approach.
We implement the new metric in the R environment, [13], using the package
DEAL, [4].

Finally the proposed metric is tested with two different benchmark dataset, the
ASIA network, [19], and the HGH network, [20], with successful results.

Parts of paper 2 have been already published in [21] as Working Paper 2005/13
- Statistics Department - University of Florence.

Paper3: M-GA, a genetic algorithm to search for the best Conditional Gaussian
Bayesian Networks

Having defined a new metric, we then focus on the problem of the search of op-
timal Bayesian Network from a database of observations. Being this problem
NP-hard, several heuristic search strategies have been found to be effective and
fully justified, [6].

Moving on the framework of the Evolutionary Computation, [3,17,25,35] we
present here a new population-based algorithm, the M-GA, to learn the structure
of Bayesian Networks without assuming any ordering of nodes and allowing for
the presence of both discrete and continuous random variables.

The M-GA algorithm is a variation of the classic GA, proposed by [18] for
Bayesian Networks. It differs by considering Conditional Gaussian BNs that are
evaluated using the BDe metric, [10] as well as the offspring production process
is here deeply changed and innovated in order to improve the genetic variability
among generations.
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The M-GA algorithm is implemented in the R environment using the package
DEAL, [4]. Numerical performances of our Mixed-Genetic Algorithm, (M-GA),
are investigated on a case study taken from the literature, [2] and compared with
the greedy search with successful results.

Many of the results of the paper 3 have been already presented at the IEEE
International Conference on Computational Intelligence for Modelling, Control
and Automation, Vienna, 28-30 November 2005, and published in [22] by the
IEEE Computational Intelligence Society.

Paper4: The normalization of DNA microarrays using spike controls: an
additive model

When working on learning probabilistic networks, meanwhile we cooperated with
a team of molecular biologists of the Department of Internal Medicine of the Uni-
versity of Florence, in the analysis of the DNA microarrays data. The paper 4
was born from this cooperation and it is focused on a model to normalize DNA
microarrays using spike controls.

The study of a metabolic pathway is focused on a limited number of genes in
comparison to whole-genome studies. Therefore, a large number of (spike) con-
trols may be printed within slide together with several ESTs replicates to reduce
bias and variance of estimates, [9, 31].

In this paper, a linear additive mixed effect model is developed to remove
dye and spatial biases using spike controls. The iterated weighted least squares
algorithm is adapted to obtain a fast algorithm to search for the optimal model and
to perform point estimates of model parameters. Actual data from a very noisy
calibration slide have been successfully normalized following our model.

Many of the results of this paper have been submitted in [23], for publication.

Appendix: MASTINO: a suite of R functions to learn Bayesian Networks.

All the methods developed in paper 2 and paper 3 have been implemented in
MASTINO, a suite of R functions, written in R, [13], and coded on the top of the
package DEAL, [4].

In particular, MASTINO extends the package DEAL, and it provides the im-
plementation of the P-metric to evaluate Bayesian Networks, of the M-GA to
search for the best Conditional Gaussian Bayesian Networks as well as a lot of
other utility functions suited to manipulating Bayesian Networks.

The package MASTINO can be downloaded from the web page
http://www.ds.unifi.it//mascherini//MASTINO and may be used under the terms
of the GNU, General Public License Version 2.
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