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Kurzfassung

Genetische Netze k¨onnen helfen Wechselwirkungen zwischen Genen zu erforschen
und damit die Funktion einzelner Gene zu identifizieren.
Ziel dieser Diplomarbeit war es ein Verfahren zum Strukturlernen Kausaler Netze
zu formulieren und speziell f¨ur die Anwendung an Microarraydaten zu entwick-
eln. Zunächst wurde das Verfahren an Benchmark-Daten mit bekannter statis-
tischer Struktur angewandt. Danach folgte die Applikation des Strukturlernver-
fahrens an realen Genexpressionsdaten von Spellmann et al. mit dem Ziel statistis-
che Abhängigkeiten oder kausale Zusammenh¨ange zwischen verschiedenen Genen
zu schätzen. Die gelernten Netze k¨onnen als statistische Sch¨atzer für die Struk-
tur genetischer Netze verstanden werden, wobei die Knoten einzelnen Genen
entsprechen und die Struktur kausale Abh¨angigkeiten modelliert. Dadurch kann
auf die Funktion einzelner Gene, wie z.B. in Bezug auf die Regulation der Tran-
scription anderer Gene oder in Bezug auf metabolische Prozesse, geschlossen
werden.
Schliesslich wurden die Ergebnisse mit denen anderer statistischer Methoden und
mit dem Wissen aus der Molekularbiologie verglichen. Die gelernten Netze stim-
men einerseits mit den Ergebnissen anderer statistischer Methoden ¨uberein und
zeigen auf der anderen Seite neue, noch unbekannte Funktionen und Abh¨angigkeiten
zwischen Genen auf.
Schlüsselẅorter: Kausale Netze, Gen-Netzwerke, Microarrays, Maschinelles Ler-
nen, Functional Genomics.
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Abstract

Genetic networks can help identifying interactions between genes as well as the
role of individual genes for the cellular function.
In this thesis a framework for learning Bayesian networks was developed to learn
network structures out of microarray datasets. Before it was applied to such bio-
logical data various tests are made to benchmark the implementation. Additionally
the Bayesian framework was tested for its convergence and reliability properties
for sparse high-dimensional datasets such as microarray measurements.
Then structures were learned from the well known cell-cycle microarray dataset
of Spellman et al. Since the learned structures can be interpreted as genetic net-
works, where nodes correspond to genes and and the graph structure encodes
causal relationships among them, such structures can be used to analyze the func-
tion of several genes e.g. their role in transcription regulation or in metabolic
processes. To get a feedback, the learned structures were finally compared with
results from other statistical approaches and with knowledge from biology. Some
features of the learned networks are similar to the results from other statistical
methods, whereas other features reveal new functions and relationships among
genes, which are often biologically reasonable.
Keywords: Bayesian networks, genetic networks, microarray, machine learning,
functional genomics.
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Chapter 1

Introduction

Until recently, the attention of biologists have focused largely on the elucidation
of the function and structure of genes and of gene families.
Today, after the Human Genome project (HGP) [24, 40] has finally achieved
and reported about 90% of human genome sequence, molecular biology research
emphasizes understanding the mechanisms of interactions between ensembles of
genes and proteins withinregulatory networks. Thanks to high throughput tech-
nologies, with their capacity for collecting data on a genome-wide scale within
a short time period, a huge amount of biological data is available. For exam-
ple DNA microarrays provide a global, high throughput approach to discovering
which genes are on and off in a cancer cell, in other words which genes or gene
clusters are involved in cancer initiation. But to extract the relevant information
from such large-scale data, intensive computational interpretations and evalua-
tions are needed.
The goal ofcomputational genomics is to filter out the relevant information hidden
in the datasets generated by DNA sequencing, DNA microarrays, and other kinds
of high-throughput genomics technology. Since the data of such high-throughput
experiments are highdimensional, noisy and sparse in sample size especially sta-
tistical methods play an important role in the their interpretation by finding trends
and patterns in the experimental results [52, 2].
Previous efforts at modeling genetic regulatory networks from highdimensional
datasets have generally fallen into one of three classes, either employing Boolean
networks [47, 13,?], which are restricted to logical relationships between vari-
ables, or using systems of differential equations [6, 42] to model the continuous
dynamics of coupled biological reactions. The work of Friedman et al. [16] uses
Bayesian networks to analyze expression data.
The statistical framework ofBayesian learning is designed for domains with a
large number of variables and for handling noisy data, since it deals with un-
certainty [38]. Another advantage of this probabilistic approach is the ability to

6



CHAPTER 1. INTRODUCTION 7

combine prior knowledge with the information extracted from data. ABayesian
network in particular is a probabilistic model which describes the multivariate
probability distribution for a set of variables. The basic idea is to display the
associtations among the variables, namely the (conditional) dependencies andin-
dependencies, by means of a graph. Thus, Bayesian networks belong to the class
of graphical models [35]. Learning Bayesian networks [21, 49] use Bayesian
statistics to find the network structure and the corresponding model parameters
which describe best the probabilitiy distribution for which the dataset is drawn.
The goal of learning Bayesian networks from highdimensional datasets, generated
from microarray experiments, is to reveal relationships between various genes, by
extracting the information about their dependencies and independencies encoded
in the dataset and visualizing this relationships by a network structure, which is
interpreted as agenetic network. Such a resulting network may be a basis to reveal
new functions of genes and their proteins in combination with other experiments.

1.1 Objective

In this thesis a framework should be developed to learn Bayesian networks from
highdimensional and noisy datasets, and to visualize the learned network structure
in such a manner that the results are easy to understand.
Before analyzing real microarray datasets, the framework should be tested on ar-
tificial data to examine different learning algorithms, and on artificial datastets,
which have similar properties as microarray datasets, namely large in variable size
but small in sample size. This should be done to get a feeling of how informative
is the statistical content which can be obtained from datasets of high throughput
experiments.
Then structures should be learned from a microarray dataset applied to the yeastS.
cervisiae during cell cycle from Spellmann et al. [45], and finally, they should be
compared with results from other statistical approaches [45, 16] and with knowl-
edge from molecular biology.
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Methods

2.1 Bayesian network

A Bayesian networkB is a specific type of graphical models, consisting of two
parts. The first part, the structure of the Bayesian network, is a directed acyclic
graph (DAG) G in which each node corresponds to a random variable. As its
name suggests aDAG can be described by the following charactristics: the edges
are directed and there are no cycles (i.e., starting from any given node and fol-
lowing the direction of the edges, there is no way to cycle back to the original
node). Since under certain assumptions the directed edges can be interpreted as
direct causal influences between the variables, a Bayesian network is also called a
Causal network.
The second part is a set of conditional probability distributions�, that describe
the conditional probabilityP (XijPai) of a variableXi given its parentsPai in
the graphG, where a parentPai of Xi is defined as a node from which a dirceted
edge points to nodeXi. In this caseXi is called a child of nodePai.
The causal network structure in Figure 2.1 shows a sample Baysian network for

medical diagnosis [46]. It indicates, for example, that smoking can causally influ-
ence whether bronchitis is present, which in turn can causally influence whether a
patient experiences dyspnoea (shortness of breath).
The link betweenG and� is defined by the Markov independencies: Each vari-
ableXi is independent of its non-descendants, given its parentsPai in G. Hence
� can be decomposed into the product form

P (X1; X2; ::::Xn) =
nY
i=1

P (XijPai): (2.1)

8
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Figure 2.1: A Baysian network for medical diagnosis; the nodes represents either
deseases or other conditions and the edges represents dependencies between this
nodes

2.1.1 D-separation

The complete relationship between probabilistic independence and the graphical
structure of a Bayesian network is given by the concept of d-separation [38].

Definition 2.1 Two variables a and b in a network are d-separated if for all paths
between a and b there is an intermediate variable c such that either

� c is a node of a serial or diverging connection and its state is known.

a) b)

Figure 2.2: a and b are d-separated given c; in the left structure through serial
connection and in the right structure through a diverging connection.

� c is a node of a converging connection, called collider, and neither c nor
any other of its descendants have received evidence.

It can be shown that the d-separation criterion results in the same set of conditional
probability distributions as defined in Equation 2.1 [51].



CHAPTER 2. METHODS 10

Figure 2.3: a and b are d-separated by c through a collider if c is undetermend.

2.1.2 Structure equivalence

As discussed previously, theDAG of a Bayesian Network describes the condi-
tional dependence and independence relationships between a set of variables, de-
fined by the d-separation criterion.

Theorem (Verma and Pearl, 1990) 2.1Two DAGs are equivalent if and only if
they have the same set of edges and the same set of colliders.

Figure 2.4: Since all three DAGs in the top row belong to the same equivalence
class, they can be redrawn as a PDAG shown in the bottom row.

This implies that two DAGs, both representing the same d-separations and d-
connections and hence the same probability distribution can differ in the direction
of some edges. For example consider the graphs in the top row of Figure 2.4. In
all three DAGs, a and b are d-separated given c. They belong to the sameequiva-
lence class.
Although the DAG shown in Figure 2.3 contains the same edges as the previous
three DAGs it doesnt belong to their equivalence class, since it represents different
d-separations and d-connections. This is because this DAG contains a collider at
nodec.
A set of equivalenceDAGs can hence be redrawn as a uniquepartial DAG
(PDAG), which consists of both undirected edges with a undefined diection and
directed ones with an irreversible direction.
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2.2 Structural learning

Learning Bayesian networks from data has become an increasingly active area
of research [50, 23, 22, 48] and can be classified into two problems. In the first
case the network structure is already known and only the parameters have to be
learned from the dataset. The second task is the harder one, since besides the pa-
rameter values also the network structure has to be learned out from the dataset.
This thesis focuses on the second task, since it goal is it to reveal biological rele-
vant structures out from experimental datasets. Structural learning [21, 49] is an
unsupervised learning problem which can be stated as follows: given adataset
D = fd1; d2; :::; dNg of independent observations, find the structure that best
matches D. Each datapointdl of theN samples of datasetD is a n-dimensional
vectordl = fdl1; :::; d

l
ng.

2.2.1 Scoring function

To evaluate the goodness of fit of a network with respect to the dataset, a statisti-
cally motivatedscoring function S assigns a scoreS(G) to the graphG. Before
talking about different scoring metrices, it is necessary to outline two fundamental
properties of a scoring function.

Decomposability

Since the conditional probability distribution of a Bayesian network decomposes
into the product term of Equation 2.1, one might suspect that the same holds for
the scoring function. In fact, if the datasetD contains neither missing nor hidden
values, the scoreS(G) can be decomposed into:

S(GjD) =
NY
l=1

nY
i=1

P (dlijPai(d
l)) (2.2)

wherePai(dl) denotes the set of datapoints of the parents ofi in the vectordl.
This holds also if one use the logarithmic scoring function to avoid numerical
problems

S(GjD) =
NX
l=1

nX
i=1

log(P (dlijPai(d
l))) (2.3)

As in Equation 2.1 the scoring function factorizes into terms related to the in-
dividual variableXi dependent only on its parents, and the contribution of each
variable to the total score depends only on the values ofdli and andPai(dl) in the
instances of datasetD.
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Score equivalence

As outlined in Section 2.2.1, due to Markov equivalence, different DAGs belong
to the same equivalent class. Only in the case of prior knowledge it might be
reasonable to distinguish among equivalent DAGs. Otherwise there is no reason
for favoring a particular structure over another equivalent one. Due to this, the
score for DAGs from the same equivalence class has to take the same value. This
is calledscore equivalence.

Bayesian score

This scoring function is derived from methods of Bayesian statistics. It is propor-
tional to the posterior probability of a network structure, given the data:

S(GjD) =
P (DjG)P (G)

P (D)
(2.4)

P (DjG) is the marginal likelihood, P (G) is the prior probability of the structure
andP (D) is called evidence. SinceP (D) is constant over the various structures, it
can be ignored. In addition, without prior knowledge of structures,P (G) might be
replaced by a noninformative prior, that isP (G) = const:. For domains in which
the prior knowledge about the structure is present, it makes sense to construct a
structure out of this prior knowledge, so that deviations from this prior structure
can be penalized. In [25] for example, for learning biochemical pathways a prior
structure has been constructed based on databases of known protein-protein and
protein-DNA interactions. For further discussion about structural prior informa-
tion see [19].
Ignoring both priors, the problem is now reduced to finding the structure with the
best marginal likelihood according to the data. In other words, how likely is it that
the data were generated from the structure.

P (DjG) =
Z
P (Dj�; G)P (�jG)d� (2.5)

Given Equation 2.1P (Dj�; G) can be rewritten as

P (Dj�; G) =
NY
l=1

nY
i=1

P (dlijPai(d
l); G;�) (2.6)

andP (�jG) is the prior density of the parameters givenG.
Given a multinomial model ofn variables, Heckerman et al. and Geiger and
Chickering [20] proposed a set of assumption, namelycomplete data, parameter
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independence andparameter modularity with those in combination withDirichlet
priors Equation 2.6 can be rewritten as

P (DjG) =
nY
i=1

qiY
j=1

�(N
0

ij)

�(N
0

ij +Nij)

riY
k=1

�(N
0

ijk +Nijk)

�(N
0

ijk)
(2.7)

whereri denotes the set of values which variableXi can take on andqi denotes
the set of values which the parents ofXi can take on.�(x) =

R
1

0
tx�1e�tdt is the

gamma function; for positive integers�(x) = (x� 1)!.
Nijk denotes the number of cases in datasetD in whichdli = k andPai(dl) = j,
andNij =

Pri
k=1Nijk. N

0

ijk express parameters of the Dirichlet prior distributions,
andN

0

ij =
P

kN
0

ijk. Nijk = 1

qiri
, which is a commonly used noninformative pa-

rameter prior. For more details on Dirichlet priors, see [11].
The assumption of parameter independency states that knowledge about the phys-
ical probablites associated with a given node and parent instantiation do not in-
fluence the belief about the physical probabilities associated with another node
and/or parent instantiation. The assumption of parameter modularity says that the
densities of the conditional probability of a variableXi depends only on its par-
entsPai. The assumption of complete data, says that the value of every datapoint
k in the sample vectordl is known. This assumption will be discussed in a more
detailed manner in Section 2.4.

Score based on minimum description length

The second scoring function considered in this section stems from coding theory
where the aim is to create a network structure that describes the data as accurately
as possible with as few symbols as possible. In other words, the structure with
the highest score will have a balanced contribution of the degree of accuracy with
which the network represents the data, and its complexity. The description length
is defined by

S(G;�jD) = � logP (Dj�; G) +
logN

2
j�j: (2.8)

The first term is the log-likelihood of the dataD given the parameters� and the
structureG. It corresponds to the number of bits needed to describeD with the
network. The second term is the description length of the network, i.e. the num-
ber of bits required to encode the network parameters. This term automatically
induces the principle ofOccams razor: a network structure with fewer edges is
preferred over a network with more edges unless the log-likelihood of the more
complex structure is much higher than that of the simpler one. In other words, this
term penalizes the complexity of a network structure, therefore it is referred to as
penalty term.
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For multinomial distribution Equation 2.8 is

S(G;�jD) = �
nX
i=1

qiX
j=1

riX
k=1

Nijk log
Nijk

Nij

+
logN

2
j�j: (2.9)

where termsNijk andNij are the same as for the Baysian score in Equation 2.7.
Minimizing the MDL-score is equivalent to maximizing another well-known scor-
ing function, theBayesian information criterion (BIC) [44], which is exactly the
negation of MDL but with a completely different origin.

2.3 Heuristic methods

As discussed in the previous section, structural learning means finding the struc-
ture with the best quality. Unfortunately this task is NP-hard hence the search-
space of possible structures increases superexponentially with the number of vari-
ables [8]. For this reason, one has to resort toheuristic search strategies which
can efficiently determine a Baysian network close to the optimum.

2.3.1 Local search

As outlined in Section 2.2.1 the scoring function can be decomposed into a sum
or a product of scoring functions restricted to each family (a variableXi and its
parentsPai). Each term can be defined as thelocal score of Xi. This decomposi-
tion is crucial for learning structures, since a local search procedure that changes
one edge at each move can efficently evaluate the gains made by this change.

2.3.2 Greedy search

The simplest method of heuristic search is thegreedy search, that starts out from
an initial structure and improves the structure according to a scoring function.
The procedure stops if no improvment is possible, that is, there is no structure
in nbd(G) which has a better score thanG. Then the search procedure reached
an eventually local optimum. Starting out from an initial structure, e.g. an empty
structure, local search proceeds through the search space of neighboring structures
nbd(G). The neighborhood of a current structureG is defined as the set ofDAGs
which differ only by one edge fromG, e.g. cause of a single edge deletion, addi-
tion or reversion of direction. Given the current structureG in the search process,
there are many neighboring structuresG

0

2 nbd(G) which can become the next
intermediate structureG�. The difference in their score� := score(G

0

)-score(G)
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can be expressed in terms of a relative scoring function. The neighboring scoring
structure which entails the largest improvement becomes the next intermediate
structureG�. Figure 2.5 skatches an algorithm for greedy search.

chooseG somehow
FOR eachG

0

in nbd(G) DO
Compute Score(G

0

)
END FOR
G� := argmaxG0scoreG

0

IF score(G�) > score(G) THEN
G := G�

END IF

Figure 2.5: Pseudo-code for greedy hill-climbing

2.3.3 Simulated annealing

The problem of getting stuck in local optima is a big drawback of the greedy
search. Various other optimization techniques, asiterated hill-climbing or ge-
netic algorithm try to overcome this problem. One approach is the optimization
with simulated annealing. In contrast to the greedy search, simulated annealing
allows occasional uphill jumps, allowing the system to hop out of local minima
and giving it a better chance of finding the global minimum. Simulated annealing
exploits an analogy between the way in which a metal cools and freezes into a
minimum energy crystalline structure (the annealing process) and the search for
a global optimum in an optimization problem. The algorithm is based upon that
of Metropolis et al. [32], which was originally proposed as a means of finding
the equilibrium configuration of a collection of atoms at a given temperature. The
connection between this algorithm and mathematical minimization was first noted
by Pincus [39], but it was Kirkpatrick et al. [27] who proposed that it form the ba-
sis of an optimization technique for combinatorial problems. Similarly to greedy
search, simulated annealing employs a random search through the space of pos-
sible structures, with the distinction that it accepts not only changes that improve
the structure, but also some changes that decrease it. The latter are accepted with
a probabilityp = e

��

T . The pseudo-temperatureT is gradually lowered through-
out the algorithm from a sufficiently high starting value (i.e. a temperature where
almost every proposed transition, both positive and negative, is accepted) to a
”freezing” temperature, where no further changes occur.
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If the temperature is decreased logarithmically, simulated annealing guarantees an
optimal solution [29]. Figure 2.6 skatches the pseudocode of simulated annealing.

initialize T
chooseG somehow
WHILE T > Tmin DO

FORx = 1 toN DO
FOR eachG

0

in nbd(G) DO
Compute Score(G

0

)
END FOR
G� := argmaxG0scoreG

0

calculate� := score(G�)� score(G)

IF � > 0 or e
��

T > random THEN
G := G�

END IF
END FOR
reduceT

END WHILE

Figure 2.6: Pseudo-code for simulated annealing

2.4 Missing values

For simplicity, datasetD was assumed to be complete up to now, i.e., a value is
assigned to every random variable in every case contained in the given dataset.
In many situations, however, especially in biological data, one faces the problem
that the available data isincomplete. It means that in a datasetD, which consists
of a set of data vectorsD = fd1; d2; :::; dNg, where each data vector consists of
i components according to the number of variables, some individual components
of these datavectors may be undefineddki = missing. These undefined spaces
are referred to asmissing values. If the proportion of cases with missing data
is low, the simplest solution is to throw out those cases from the dataset, given
that the missing values are independent of the data. In this case the values are
missing at random (MAR). When the proportion of missing cases is to high, it be-
comes important to make full use of the information which is potentially available
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from the incomplete patterns. A popular methods for handling missing data is the
Expectation-Maximization (EM) approach [12].

2.4.1 Expectation maximization

As its name suggests, the EM algorithm consists of two steps,expectation and
maximization. Initially, the expectation step assigns some random values to the
parameters in�. Then conditioned onG, � and the datasetD theexpected suffi-
cient statistics for missing values are computed:

E(NXi=k;Pai=j) =
NX
l=1

P (Xi = k; Pai = jjdl;�; G): (2.10)

WhenXi and all of the values ofPai are observed in the sampledl of the dataset
D, the term in the sum for this sample is either 1 or 0, otherwise, when some
of the variables are unobserved, the corresponding probability can be computed
using an inference technique for Bayesian networks, such as variable elimination
[10]. In the next step, the expected sufficient statistics are used as if they were
actual sufficient statistics from a complete (imaginary) datasetD

0

to compute the
values� that maximizeP (D

0

j�; G):

�Xi=k;Pai=j =
E(NXi=k;Pai=j)

E(NPai=j)
: (2.11)

whereE(NPai=j) =
P

xi
E(NXi=k;Pai=j).

This two steps are repeated iteratively until astationary point is reached. As
shown in [12] under certain regulatory conditions, the EM algorithm converges to
a local optimum.

2.4.2 Structural expectation maximization

One of the first applications of EM to learn Baysian Networks was by Lauritzen
[30]. He used it to find the parameters of a given network structure from incom-
plete data. The problem becomes harder when additionally to hidden values, the
structure is unknown. In this case structural learning has to be applyed as well as
parameter learning, as described above. For this case Friedman et. al. developed
an algortihm, calledstructural expectation maximation (SEM) which interleaves
searching through the space of possible structures with the EM algorithm to es-
timate parameters. The concept is similar to that for the complete data problem,
except that the score of the network is found using the expected sufficient statistics
from the EM algorithm. Figure 2.7 shows the pseudocode for the sem-algorithm.
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It starts from an inital structure. The structure is then passed to the EM to calcu-
late the score. According to the schema of local search described in Section 2.3.1,
a new structure is found by adding, deleting or reversing an edge and determining
the new score by EM. Friedman’s innovation was to save computational power by
using EM parameter estimates for the current structure to evaluate candidates for
the next structure, thus:

E(NXi=k;Pai=j)
G
0

�=
NX
l=1

P (Xi = k; Pai = jjdl;�; G): (2.12)

and to run EM again only for the structure actually chosen. If the score of the cho-
sen structure is better then the current structure then the current structure becomes
the new one. When using simulated annealing, also structures with an inferior
score can become the new one (cf. Section 2.3.3).The procedure continues until
no better structure can be found. For further deatails see [15].

choose an initial graphG
FOR eachG

0

in nbd(G) DO
Compute expected sufficient statistics in Equation 2.12
Compute Score(G

0

)
END FOR
G� := argmaxG0scoreG

0

improve parameters ofG� using EM
IF score(G�) > score(G) THEN
G := G�

END IF

Figure 2.7: The SEM algorithm with greedy search.

2.5 Gene expression

Without going too much in details this chapter gives a brief introduction to a fun-
damental process in molecular biology: theexpression of a gene in a certain pro-
tein in eukaryotes. For more detailed informations see [34]. In general, every cell
in an organism contains the entiregenome which is subdivided into a set ofchro-
mosomes. Each chromosome is a linear molecule calledDNA, that is functionally
divided into information units calledgenes. Each gene carries information for the
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production of a set of proteins that perform a specialized function in the cell. Pro-
teins are the functional building blocks of an organism.
To retrieve the information encoded in the gene, cells use the process ofgene ex-
pression, which consists of two steps: in the step, calledtranscription the gene is
copied into the form ofmRNA, a molecule very similar to DNA. A major role in
transcription plays an enzyme calledRNA-polymerase II (PolII), which creates a
new single-stranded mRNA out of the DNA sequence. A gene is now represented
by a mRNA molecule that can be used as a template for the next step. In this sec-
ond step the mRNA is, after being carried out of the nucleus into the cytoplasma,
translated into the corresponding protein. A gene is said to beexpressed in a
cell if its corresponding proteins are present in the cell. During expression many
mRNAs are transcribed and translated. The number of mRNAs in the cytoplasma
relates to theexpression level for that gene and can be used as a measure for the
amount of proteins needed by the cell (cf. Section 2.8).

2.6 Transcriptional regulation

A fundamental question regarding gene expression is by which factors it is con-
trolled. For most genes regulation oftranscription initiaton is the principle mech-
anism for controlling their expression, however gene expression can be controlled
at other stages, e.g. by post-transcriptional factors. This section focuses on the
regulation of transcription.

2.6.1 Structure of a gene

A gene decomposes into acoding region and aregulatory region. The coding
region is the DNA-sequence, that encodes a class of protein. Nevertheless, be-
sides coding fragments, calledexons, it contains also fragments, calledintrons,
that have no coding information. The regulatory region contains binding sites
for transcription factors, which affects the process of transcription. As shown in

Figure 2.8: General pattern of an eukaryotic gene consisting of a coding region
and a regulatory region

Figure 2.8 the regulatory region can be subdivided into several parts. Thepro-
motor determines the sites of transcription initiation and direct binding of RNA
polymerase.Promotor proximal elements are control elements close to the start
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site. They help regulating the transcription of a particular gene.Enhancers have
the same function as promotor proximal regions, but they are found at a greater
distance from the transcription site, either upstream or downstream of the gene
or within an intron. Promotor proximal regions and enhancers are also called
cis-regulatory elements.

2.6.2 The transcription initiation complex

The promotor site binds Pol II and its accessory factors, calledgeneral transcrip-
tion factors, and directs the PolII to begin transcribing at the correct start site. The
single-stranded DNA sequence is then transcribed into a corresponing mRNA se-
quence. This complex of different molecules is necessary for the catalytic process
of transcription.

Figure 2.9: A typical transcription complex consisting of the transcription initia-
tion complex and several regulatory proteins. Figure taken from [34].

2.6.3 Regulatory proteins

Additionally, transcription is regulated by binding of sequence-specific DNA-
binding proteins, so calledregulatory proteins, to regulatory promotors and en-
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hancers as shown in Figure 2.9. By interacting with the general transcription
complex they can either activate or suppress the transcription.

Activators

Activators are generally modular proteins containing a singleDNA-binding do-
main and one or fewactivation domains. The binding domain targets the activator
to a specific site, whereas the activation domain interacts with the transcription
initiation complex. The different domains frequently are linked through flexible
polypeptide regions. This may allow activation domains in different activators to
interact even when their DNA-binding domains are bound to sites separated by
tens of bp.

Suppressors

Suppressors have the same structure as activators, however their mechanisms are
less well understood than activation mechanisms. In general, transcriptional sup-
pressors can be divided into 3 categories: First suppression by inactivation of an
activator. Second, by inhibition of the formation of the preinitiation complex, also
calledglobal suppressors. This type of suppressors may play an integral role in
the transcriptional activation process, in that some activators may stimulate the
formation of a preinitiation complex by displacing a global suppressor. Thirdly
by inactivation of an activator as well as of the transcription initiation complex of
a given gene.

2.6.4 Tumor suppressor genes

The lack, or dysfunction of such regulatory proteins can have serious conse-
quences especially in context with tumor-specific abnormalities. TheWT1-protein,
for example, is a suppressor that is expressed preferentially in the developing kid-
ney. Children who inherit mutations in both the maternal and paternalWT1-gene,
so that they produce no functional WT1-protein, invariably develop kidney tumor
early in life. In other words inactivation of the WT1 gene has been correlated with
the incidence of Wilms tumor, a pediatric kidney cancer. The WT1 protein binds
to the control region of a gene that encodes a transcription activator calledEGR-1.
Thus leads to its classification as atumor suppressor gene.
Another tumor suppressor gene isp53, a regulator of DNA damage. Individuals
who inherit only one functional copy of p53 are also predisposed to cancer. The
p53-protein regulates the expression of another protein:p21. This protein pre-
vents cells from prematurely entering S phase, especially if the DNA has lesion.
Thus DNA damage will stimulate the production of p53 to arrest the progression
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of the cell cycle until the lesion is repaired. If the DNA damage is too severe,
the p53 protein directs the cell toward apoptosis or cell death. If the cell lacks
functional p53 protein and the cell is able to survive the accumulated gene dam-
age, it progreses towards an increasing malignancy. They continue dividing in an
uncontrolled way forming aggressively growing tumor tissues.

Suppressor gene Tumor type

BRCA1 Breast, ovary
BRCA2 Breast (both sexes)

p53 Breast, sarcoma
APC Colon

MTS1 Skin, pancreas
CDK4 Skin
NF-1 Brain, other
NF-2 Brain, other
WT1 Wilms’ tumor
VHL Kidney, other
RB Retinoblastoma, sarcoma, other

Figure 2.10: Inherited mutations in these genes confer a very high cancer risk.

2.7 Cell cycle regulation

Cell division is divided into 4 major phases: G1, S, G2 and M, which are the
traditional subdivisions of thecell cycle. The most significant phases are the S
(synthesis) phase, during which the chromosomes are replicated, and the M (cy-
tokinesis) phase, during which the cell divides into twodaughter cells. Since cell
division is a very critical mechanism cells are controlled on three different check-
points throughout the cell cycle, that are, the G1 checkpoint in late G1, the G2
checkpoint between G2 and M and M checkpoint in late M phase.
The cell cycle checkpoints are controlled bycyclin dependent kinases (CDK)
which are composed of two proteins - acyclin and akinase. As described above,
any mutation that removes or otherwise modifies a checkpoint inhibitor such as
p53 or removes or modifies a transcription inhibitor such asRb will lead to a loss
of cell cycle regulation and lead to cancer.
In yeastSaccharomyces cervisiae, until now one CDK protein, namely cdc28,
and 10 different cyclins, 4clns and 6clbs, have been identified. One of these cy-
clins, namelyCLN2, is encoded in theY PL256C gene, which will be examined
in Section 3.2.3. The identification of such cell cycle regulating genes becomes
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Figure 2.11: The cellcycle of an eukaryotic cell

more and more popular. Many experiments examine the expression level of thou-
sand of genes to reveal those which oscillate with the cell cycle phases. Due to
this a huge amount of datasets is available to analyze them in a statistical manner.

2.8 DNA microarrays

Microarrays are one of the latest breakthroughs in experimental molecular biol-
ogy. They allow monitoring of gene expression for tens of thousands of genes
in parallel. Although mRNA is not the ultimate product of gene expression, in-
formation about the transcription level is necessary to understand gene regulatory
networks. The correlation between the mRNA and the protein concentration in
the cell may not be straightforward, nevertheless the absence of mRNA in a cell is
likely to associate with a not very high level of the respective protein. For a more
detailed discussion see [5].
As developed at Stanford University [43], a microarray is a glass slide, onto which
single-stranded DNA molecules are attached at fixed locations, calledspots. Such
a microarray may consists of thousands of spots, each related to a single gene.
The central principle of the microarray-technique is the selective binding of com-
plementary single-stranded nucleic acid sequences, calledhybridization.
One of the most popular experimental methods is to compare the mRNA levels
across two cell cultures (e.g a cancer cell and a healthy cell as control).
The first step is to extract purified mRNA from both cell types. mRNA can be
captured by using complementary strands (oligodeoxythymidine), which binds to
the mRNA, since every mRNA sequence contains 150-200adenines, calledpoly-
A-tail. Hence the extracted mRNA’s are unstable, they are reversetranscribed to
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complementary DNA’s, calledcDNA’s, which are more stable. In order to distin-
guish cDNA’s from different cell types, fluorescent labeling molecules of different
colour (usually red and green) are used to stain each sample, e.g. by using a red
dye for the cDNA’s from the cancer cell and a green dye for that from the healthy
one.
After labeling the cDNA molecules, both extracts are washed over the microarray
where they bind selectively to their complementary DNA-strands in the spots ac-
cording to the principle of hybridization described above.
The last step of the experiments measures the hybridization level of each spot on
the array. The scanning is done by an excitation laser and an emission detector. If
the mRNA from the cancer cell is in abundance, the spot will be red, if the mRNA
from the healthy cell is in abundance, it will be green. If mRNA from both cells
bind equally, the spot will be yellow, while if neither binds, it will be no fluores-
cence and the spot will black.
The resulting image gives quantitative, but strongly noisy expression measure-
ments, which are relative by nature, hence the expression levels of the same gene
in two different samples is compared.

2.9 Modelling gene regulatory mechanisms

As discussed in Section 2.1 a Bayesian network is a representation of a joint prob-
ability distribution over a set of variables. This representation consists of a net-
work structure, and a parametrization which describes a conditional distribution
for each variable. A Bayesian network is suitable to detect a net of mutual de-
pendencies. In genetic regulatory networks, regulatory relationships are not yet
well-known, but as shown above, highly relevant for understanding diseases and
consequently guiding drug therapy. The data pool consists of noisy gene expres-
sion data, from which we wish to infer regulatory pathways. Applying this to the
biological system described above, each variable represents a gene whereas an
edge describes a causal relationship, e.g. a regulation mechanism, between two
genes. In Figure 2.12 for example, gened and genea are related in some joint
biological interaction or process, namely genea influences gened. The same as-
sumption holds for geneb and genec, where geneb is influenced by genec. In a
biological sense genea and genec code for regulatory proteins which influence
the transcriptional process of gened and geneb. The information about the type
of transcription regulation due to genea resp. genec is encoded in the joint prob-
ability table of their children, shown in Figure 2.13.
Every gene has three discrete states, namely underexpressed (-1), normal (0) and
overexpressed (+1).
If genec is underexpressed, the probability of geneb to become underexpressed
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Figure 2.12: A regulatory network modelled by a Bayesian network

gene a
-1 0 1

-1 0 0 0.8
0 0.2 0.4 0.2

ge
ne

d

1 0.8 0.6 0

gene c
-1 0 1

-1 0.8 0 0
0 0.2 0.3 0.1

ge
ne

b

1 0 0.7 0.9

Figure 2.13: The conditional probability tables of variables gene d and gene b.

is high, namelyP (geneb = �1jgenec = �1) = 0:8, and if genec becomes over-
expressed geneb will be overexpressed with a probability ofP (gene b= 1jgene
c= 1) = 0:9. This leads to the assumption that genec acts as an activator on gene
b. Genea, however, seems to suppress the transcription of gened since in the un-
derexpressed state of genea gened is overexpressed with a probability ofP (gene
d= 1jgene a= �1) = 0:8, whereas in the overexpressed state of genea the prob-
ability of gened to be overexpressed is onlyP (gene d= 1jgene a= 1) = 0.

2.10 Implementation

The framework has been developed in Java (Jdk 1.3) and tested on various com-
puter platforms as Sun Solaris, Linux and Windows.
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Results

This chapter is divided into two parts. The first part deals with benchmarking
structural learning on toy datasets, sampled from well known Bayesian networks.
The second part applies structural learning to a microarray dataset, to reveal reg-
ulatory network structures, which are then compared with results from other ma-
chine learning techniques as well with knowledge from molecular biology.

3.1 Benchmark experiments

As said above, this section analyzes two general problems of structural learning
namely the difference between structural learning with greedy search and simu-
lated annealing, and on the other hand the effect of the sample size of the dataset
on the results of structural learning. For this several experiments are applied to
datasets carried out from two different benchmark Bayesian networks described
in Appendix 5.

3.1.1 Greedy search vs. simulated annealing

This section analyzes the two heuristic techniques, greedy search and simulated
annealing, in combination with structural learning. For this, both algorithms de-
scribed in Section 2.3 are applied on a dataset of 10000 samples, drawn from the
asia network, which consists of 8 nodes with discrete values and 8 edges. For a
more detailed description see Appendix 5.1.
Since, as discussed in Section 2.2.1, the score of a structure is a measure of its
quality, in terms of describing the statistics, the resulting score of a founded struc-
ture is also a measure of the quality of the search procedure, namely how good
is the optimum found by the algorithm in terms of the score or how near is the
found optimum to the global optimum, which is known for the toy datasets. In

26
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the following experiments the scores of the found structures are compared with
those of the best structure. It is important to say, that for the data sample used
here the structure with the best score, differs from the original network shown in
Figure 5.1 by one edge, namely in that way that the edge between variableA and
T is absent. This is because the finite dataset sampled from the known Bayesian
network may not represent all its probability distributions.
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Figure 3.1: Curve of the scoring function during structural search with greedy
hillclimbing in. It corresponds to the second run with greedy search in Figure 3.4.
After app. 80 steps it gets stopped in a local optimum, which is near to the global
one.

Greedy search starts from the empty graph and walks through the space of pos-
sible structures. At each step it picks out randomly two nodes, and from the set
of possible neighboring structures, it selects the one with the highest score. If its
score is higher than the actual score, the neighboring structure becomes the new
one, otherwise the actual strucuture remains the same. If an optimum is reached,
e.g. when in 100 steps no new structure is accepted, the search procedure stops.
Figure 3.1 shows the course of the scoring function during greedy search: after a
set of uphill-steps, search-procedure stops, hence no more changes are possible.
As greedy search, simulated annealing starts from the empty structure with a high
initial pseudo-temperatureT0. Each pseudo-temperatureTn is hold until the num-
ber of proofed structural changes is equal to the number of variables in the struc-
ture. Through this the algorithm depends on the size of the search-space, which
is important to get good sampling statistics for the current pseudo-temperature.
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Figure 3.2: Curved of the scoring function of the last steps of greedy search
zoomed out from Figure 3.1. It shows well that the strucutral search procedure
get stuck in a local opimum.

After that the pseudo-temperatureTn is decreased toTn+1 as follows

Tn+1 = �Tn � < 1 (3.1)

where� is referred to ascooling rate, and the above steps are repeated at the new
pseudo-temperatureTn+1.
The major difficulty in implementation of the algorithm is that the performance
of simulated annealing depends on the annealing schedule that is, the choice of
initial pseudo-temperatureT0, how many iterations are performed at each pseudo-
temperature, and how much the pseudo-temperature is decremented according to
the cooling rate�.
The curve shown in Figure 3.3 is typical for simulated annealing. In the first
steps, due to a high initial pseudo-temperature, almost all structural changes are
accepted, regardless of the scoring function. This is characterized as a noise-like
signal at the beginning of the search, which then becomes less fluctuating in form
of a deterministic trend due to the decreasing probability of accepting inferiorer
structures.

Error measure

To compare the efficiency of the different heuristics, each algorithm was applied
ten times to the same dataset. For each resulting structure, the corresponding
scoring function was compared with the best scoring function as discussed above.
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Figure 3.3: Curve of the scoring function during structural search with simulated
annealing. It corrsponds to the second rund with simulated annealing and a cool-
ing rate of 0.9 in Figure 3.4. It takes more steps than the greedy one, but in contrast
to them, it converges to the global optimum.

As a measure for how near the determined structure is to the best structure it was
used theKullback Leibler distance, KL-distance, between two probability mass
functionsp(x) andq(x), wherep(x) denotes the empiric mass function andq(x)
the true one. The KL-distance is defined as follows:

D(pjjq) =
X
x

p(x)
p(x)

q(x)
(3.2)

The KL-distance is always non-negative; it is 0 if and only if p�q, and it can be
unterstand as a distance measure between two distributions (Kullback and Leibler
1951). Applying this measure to the current problem,p(i) denotes the score of the
learned structure andq(i) that of the best structure, where both scoring functions
decompose intoi localscores, as discussed in section 2.2.1.
The distance of each found structure and the average distance over several runs
of the various search-procedures, is shown in Figure 3.4. As one can see, greedy
search never finds the optimal structure, it always gets stuck in a local optimum.
But also with simulated annealing and a cooling rate of 0.9, the global optimum
is reached only 4 times, whereas in the other runs it gets stuck in a local optimum
like greedy search. As it is clear that only with a sufficiently small cooling rate
the propability of finding the global optimum is 1 [29], simulated annealing was
slowed down by setting the cooling rate up to 0.95, and 0.99. As one expect, the
smaller the cooling rate the better the results. Figure 3.4 shows, that with a cool-
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Figure 3.4: Error bars of the different search procedures over 10 runs; the error
is defined by the KL-distance measure between the score of the best structure
and the score of the estimated structure. The lower the distance the better the
reached optimum. At first glance, one can see that simulated annealing founds
better optima than greedy search, and that the result of simulated annealing can
be improved by slowing down the cooling procedure.

ing rate of 0.99 even 7 times the global optimum was reached.
Nevertheless, it may be mention that there is a cooling procedure that guarantees
finding the lobal optimum but it is impractical, since computation time is limited.
This requires to make a compromise between a good optimization and a tractable
computational time.
Another method to analyze the efficiency of a learning procedure is to compare the
learned PDAG with the best PDAG by simply counting the number of erraneously
present edges (false positive) and erraneously absent edges (false negative).The
resulting error bars are shown in Figure 3.5. Although both measures judge dif-
ferent properties of the estimate, they yield similar results. This justifies, that the
scoring function is a good measure to evaluate a network structure. In addition,
the high number of wrong edges of the greedy search (up to 8 edges wrong in
a node network), shown in Figure 3.5, demonstrates the drastical improvement
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Figure 3.5: Error of structures learned with different search procedures over 10
runs; each error bar consists of the error induced by false-positive edges (black
bars) and the error induces by false-negative edges (white bars) regarding the best
structure

introduced by simulated annealing.

Feature PDAG

To visualize, the efficiency of both algortihms, the set of resultingPDAGs g (cf.
Section 2.1.2), is combined to afeature PDAG (fPDAG), where thefeature f of
an edge is given by:

P (f jD) =
X
G�g

P (GjD)f(G): (3.3)

The first term,f(G), is 1 if G contains featuref, otherwise it is 0. The second
term,P (GjD), is the marginal likelihood of the structureG given the data.
The confidence of a certain feature can then be visualized by selecting the line
width of the edges according to their probability.
Figure 3.6 shows the resulting fPDAGs for the simulations shown in the previous
section. At first sight, it can be noticed that all fPDAGs are similar to the best
DAG shown in a); only the fPDAGs of greedy search and that of the fastest Simu-
lated annealing have spurious edges. As shown already in the previous Section, by
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a) b)

c) d)

e)

Figure 3.6: a) shows the PDAG with the best score. The other graphs are the
resulting fPDAGs from different search algorithms over 10 runs; in b) the fPDAG
with greedy search in c) with simulated annealing and� = 0:9 in d) with a cooling
rate of � = 0:95 and in e) with� = 0:99. Each edge is characterized by its
confidence level, which additionally is visualized by the line width of the edge.
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decreasing the cooling rate the fPDAG becomes more and more confident. With
a cooling rate of 0.99 the structure of the resulting fPDAG is identical to the best
structure, and all features have a confidence level near to 1.
The experiments shown however, that neither greedy search nor simulated anneal-
ing guarantee to find the optimal structure. With both methods good optima are
found, nevertheless simulated annealing finds better ones than greedy hillclimbing
on average.

3.1.2 Various sample sizes

Since current Microarray datasets usually are sparse in sample-size but very large
in the number of variables, namelyn = 6177 genes andN = 73 samples, it is
important to take a closer look at large network structures learned out from sparse
dataset.
Therefore, structural learning combined with simulated annealing and a cool-
ing rate of 0.9, was applied to datasets with different sample sizes, raging from
30.000 down to 10. To simulate data sparseness on a network with many variables
datasets are sampled from the probability distributions of the alarm network. This
network is one of the biggest benchmark networks in terms of dimensionality
containing 37 variables with discrete values. For a more detailed description see
Appendix 5.2.
To get a measure of the divergence of a learned structure from the original struc-
ture, its resulting PDAG is compared with the original PDAG as previously. In
each learned structure the number of erroneously present edges (false positives)
and the number of erroneously absent edges (false negatives) are counted. It is
important to point out that the learned structures are compared with the original
structure, which may not be the structure with the highest score respect to the
given dataset, since finite datasets are not able to exaustively represent the prob-
ability distribution given by the Bayesian network from which they are sampled
out.
Figure 3.7 shows the error of structures learned from different datasets, induced
by erroneously absent and present edges. With a dataset size larger than 10000
samples the average of false negative or false positive edges is low with respect
to structures learned from datasets with lower sample sizes. With decreasing the
sample size the error induced by false posistive and false negative edges increases.
Especially the number of false negative edges increases fast with decreasing sam-
ple size. Thats because with decreasing number of samples the number of edges
in the learned structures generally decreases as well, since the dependencies en-
coded in the dataset become statistically insignificant as Figure 3.8 shows.
This leads to the final conclusion, that a structure learned from a sparse dataset

becomes also sparse and that the dependencies encoded by the structure must be
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Figure 3.7: Error of structures learned out from different sample sizes over 4 runs;
each error bar consists of the error induced by false-positive edges (black bars) and
the error induced by false-negative edges (white bars) regarding the true structure

very strong to be still detectable. However the dependecies that are detected in the
structure are relatively reliable even if the dataset is small.

3.2 Microarray experiments

After several experiments with benchmark datasets, the following experiments are
applied on a microarray dataset, to reveal regulatory mechanisms.

3.2.1 The microarray experiment by Spellman et al.

The dataset, which will be used in this section, consists of the set of microarray
images resulting from different experiments made by Spellman et al. [45]. All
data are publicly available from the homepage of Stanford University [33]. The
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Figure 3.8: The number of false positive, false negative and significant edges of
the learned structures out of different sample sizes.

goal of these experiments was to identifiy cell-cycle-regulated genes of the yeast
saccharomyces cervisiae. For this DNA microarrays were used to analyze mRNA
levels in cell cultures at different timepoints during the cell cycle.
Spellman et al. treated the S. cervisiae cell cycle by four different methods,
namely by� -factor-,cdc15� andcdc28� based blocking, andelutration. Since
in each methods different temperatures were used, the cell cycle occurred at dif-
ferent rates.

Figure 3.9 shows the time course of the relative mRNA level for ORFY KL164C.
In the�-experiment the cell culture passes two cell cycle periods in thecdc15-
experiment 3 periods, in thecdc28-experiment 2 periods and in theelutration-
experiment one period.
Additionally the experiments differ in the interval in which mRNA levels were
observed. In the�-experiment a microarray image every 7 minutes was made,
in thecdc15-experimentand in thecdc28-experiment every 10 minutes, and in the
elutration-experiment every 30 minutes.
By a Fourier analysis and a correlation measure each gene was tested for periodic-
ity and assigned with a cell cycle-dependent clustering score (CDC-score). Genes
were ranked by their aggregate CDC-scores, and the list was examined to deter-
mine a threshold that was exceeded by 91% of known cell cycle-regulated genes.



CHAPTER 3. RESULTS 36

0 35 70 105

−2

−1

0

1

2

min

lo
g 2(r

at
io

)

alpha

0 100 200

−2

−1

0

1

2

min

cdc15

0 55 100 150

−2

−1

0

1

2

min

cdc28

0 150 300

−2

−1

0

1

2

min

elutration

Figure 3.9: Thelog2(ratio) of the realtive mRNA level of gene YKL164C during
four different experiments with different rates of cell-cycles.

So from the 6177 ORFs1 tested on the microarray 800 ORFs were identified as
being periodically regulated according to their CDC-scores.
Additionally, Spellman et al. classifyed these 800 ORFs first by analyzing their
pattern of expression, which is refer to as “phasing” and secondly by a cluster
algorithm of Eisen et al. [14]. This algorithm searches through all the data to
find the pairs of genes that behave most similarly in each experiment and then
progressively adds other genes to the initial pair to form clusters of apparently
coregulated genes.
The results from this experiment are used to examine the results presented in this
work.

3.2.2 The microarray-dataset

Although the number of variables was reduced from 6177 to 800 cell-cycle rele-
vant genes, the number of samples is much smaller than the number of variables,
namely 73 samples, which corresponds to a sample-variable ratio of less than0:1.
As already discussed in the previous section, this leads to the assumption that only
a sparse structure can be learned reliably given such a low sample-variable ratio
Additionally the dataset contains about10% of missing values, which require the
use of algorithms which are able to handle missing datasets, as described in sec-
tion 2.4.
The resulting dataset is a matrixX, where each row corresponds to a gene and
n columns, where each column corresponds to an experiment. Each valuexij

1An open reading frame (ORF) is an interval on the DNA which potentially codes for protein.
Its structure is similar to the general pattern of a gene described in section 2.8. This term is
often used when, after the sequence of a DNA fragment has been determined, the function of the
encoded protein is not known.
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contains a numerical representation of theexpression level, that is

xij = log2
Cy5ij

Cy3ij
(3.4)

whereCy5ij denotes the intensisty of fluorescence of the red labeled sample of
genei in the experimentj andCy3ij denotes the intensity of fluorescence of the
green labeled sample, the control sample. Mention thatxij > 0, genei is overex-
pressed and ifxij < 0, genei is underexpressed relative to the control sample. If
the mRNA levels of genei are the same in both cell culturesxij = 0. The value
of each spot was additionally normalized by the average over one experiment.
To apply the multinomial model the expression values are discretized into 3 val-
ues: under-expressed (-1), normal (0) and over-expressed (+1). The threshold
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Figure 3.10: Thelog2(ratio) of the realtive mRNA level of gene YKL164C during
four different experiments and the thresholds for discretizing the mRNA level.

value is set to0:5 in logarithmic scale (base 2), as Friedman et al. [16], namely
that values ofxij with a ratio lower than2�0:5 are considered as under-expressed
and values higher than20:5 are considered over-expressed.

3.2.3 Learned subnetworks

Due to computational costs and limited time, the search-algorithm was applied on
small subnetworks of about 10 or more variables. Some runs were done with all
800 genes, but the results showed that without restricting the search space it is
impossible to find out a good reasonably structure. Therefore in the future there
should be find ways for restricting the search space, considering statistical as well
as biological aspects, to be capable of analyzing the complete dataset.
The variables in learned subnetworks correspond to selected ORFs with the three
discrete expression levels as values, plus an additional variable, which represents
the phase of the cell-cycle. This node has the same properties as the other ones,
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except that it is a root node, which means that it can be only a parent node and
never a child node. The values of these nodes are the 4 phases of the cell cycle,
G1, S, G2 and M. By inserting this node the conditional dependencies encoded by
the network include also the temporal aspect of the microarray experiments made
by Spellman et al. [45]. From all subnetwork-datasets 20 networks were learned
each with another random seed and then combined to a feature graph, as discussed
in Section 3.3, for minimizing the error made by heuristic search.

The YPL256C-subnetwork

The YPL256C subnetwork consists of 12 nodes, with the 3 expression levels (-1,
0, +1) as discrete values, representing different ORFs and 1 node which repre-
sents the phases of the cell-cycle. Since this subnetwork was already published
by Friedman et al. [16], it was chosen to be able to compare the outcome of the
network to their results. Out of this dataset 20 PDAGs were learned, which were
summarized to the feature PDAG, shown in figure 3.11. The main node of this
network represents the ORFYPL256C, which has a central role in cell cycle reg-
ulation. It is known to be essential for the control of the cell cycle at the G1/S
transition.
As one can see, confidence in the resulting fPDAG is not too high, since the vari-
ance of the learned structures is considerable. Nevertheless there are two features
with a confidence level of0:8.
One is the directed edge fromY PL256C to Y IL066C, which encodes a causal
dependency relationship beween these two ORFs. Both appear in the same clus-
ter of Spellman et al. since their expression is correlated. It also suits biological
knowledge: as discussed above,Y PL256C encodes aG1 � cyclin involved in
regulation of the cell cycle. On the other handY IL066C plays a role in DNA
replication, which appears in the S-phase. So a causal dependence ofY IL066C

from Y PL256C seems biologicaly reasonable.
The other high-confident feature is the directed edge fromYMR001C toY LR131C.
YMR001C encodes a protein which is involved in regulation of DNA replication.
Y LR131C encodes a transcription factor that activates transcription of genes ex-
pressed in the G1 phase of the cell cycle. The fact thatY LR131C is transcribed
in G2 phase andYMR001C is active in the S phase, confirms the presence of that
feature, which encodes a causal dependence ofY LR131C from YMR001C. So
YMR001C is likely to regulateY LR131C.
Another ORF influenced byYMR001C is Y DR146C, which encodes a tran-
scription factor that activates transcription of genes expressed at the M/G1 bound-
ary and in G1 phase of the cell cycle.Y DR146C itself influencesY HR023W ,
which encodes a protein that plays a non-essential role in cytokinesis, in M phase.
An unexpected fact is, that ORFY GR108W , which encodes a B-type cyclin that



CHAPTER 3. RESULTS 39

Figure 3.11: The resulting feature PDAG learned from theY PL256C-
subnetwork; it consists of 12 ORFs and the phase node.Y PL256C is the central
ORF by influencing 3 other ORFs.

activates ORFY BR160W , which doesnt belong to the subnetwork, to promote
the transition from G2 to M phase of the cell cycle, has neither parents nor chil-
dren, although in Spellman et al. it belongs to the same cluster as the other cyclins.
This is because the dataset is too sparse for an edge betweenY GR108W and an-
other node. ORFY PL256C plays a major role in cell cycle regulation, namely
it controls the state of the cell at the late G1 phase. Also in the learned network
Y PL256C plays a major role by influencing 3 other ORFs, namelyY IL066C,
YMR199C andY IL140W . These relationships are biological reasonable since
Y IL140W blongs to the same cluster andYMR199W also encodes a cyclin in-
volved in regulation of the cell cycle at the G1/S-transistion. This example shows
that the causalities expressed by the network appear reasonable in a biological
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Figure 3.12: The time courses of the expression levels of ORFY IL066C and
Y PL256C. Both are strongly correlated, but noobvious phase shift is present,
which would confirm the directed causal relationship found by the Bayesian net-
work.

sense. This leads to the assumption that learning of Bayesian networks is siutable
for revealing also new unknown relationships between genes.
It should be annotated, that without phase node, the learned network structure has
the same edges as in Figure 3.11 but all without an obvious direction which can
be explained in two ways. First by the fact, that without phase node the network
structure lacks of any colliders which leads to an completely undirected graph as
shown in Section 2.1.2. Second by the fact that by insterting the phase node the
data points become ordered by time, which gives the edges a defined direction.
To analyze the found dependencies, the time courses of the expression levels of
Y PL256C andY IL066C were compared. As Figure 3.12 shows both curves
are strongly correlated, but they do not reveal a causal relationship among those
ORFs. There is no phase-shifting between the two curves, which may an indeed
of causal dependency. Also in the Bayesian network strucutre without phase node
the direction of the edge betweenY PL256C andY IL066C can not be obtained.
This edge becomes only directed by an effect of third order, namely by the phase
node and the resulting directed edge out of them fromY ER001W to Y PL256C.
This leads to the observation, that effects of higher order, which are not evident
from a correlation analysis, can be revealed by the way of Bayesian statistics. But
for better understanding of such effects, they should be examined more accurately
in the future.
Another point, which arises from the nontrivial, is the fact that an edge goes
from the phase node toY ER001W instead toY PL256C, which oszillates more
and from the phase node toY GL021W instead of the highly oszillated ORF
YMR001C. Since both ORFs, which are connected with the phase node, are
also highly oszillating as Figure 3.13 shows, one reason could be, that the learn-
ing procedure often stucked in a good but not in the best optimum.
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Figure 3.13: The time courses of the expressionlevels of ORF a)Y ER001W and
b) Y GL021W . Both are highly cell cycle regulated.

The YOR263C-subnetwork

This subnetwork, which was reconstructed from the results from Friedman et al.
[16] consists of 8 ORFs and an additional phase node. In the clustering exper-
iments of Spellman et al. most of them appear in the same cluster, namely in
the SIC1 cluster. Figure 3.14 shows the resulting fPDAG of 20 learned struc-
tures, which contains only undirected edges but some of them with a very high
confidence level. The most conspicuous feature is the undirected edge between
Y OR263C andY OR264W . Both ORFs are located next to each other on the
DNA strands of chromosomeXV and both have unknown biological and molec-
ular functions. Another high confidence feature is the undirected edge between
Y NR067C andY GL028C. Whereas the function ofY NR067C is unkonwn
Y GL028C is known to be a soluble cell wall protein. It is also related toY ER124C,
the function of which is unknown, and toY LR286C, an endochitinase involved
in cell wall biogenesis. This two ORFS are again connected by an undirected edge
of high confidence.
SinceY ER124C is connected to two ORFs, both functionally related to cell wall
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Figure 3.14: The resulting feature PDAG learned from theY OR263C-
subnetwork; it consists of 8 ORFs and the phase node. The most interesting fea-
ture is the undirected edge betweenY OR263C andY OR264W with a confidence
of 1.

biogenesis, one could assume that it is also involved in cell wall biogenesis. By
this the Bayesian network trained here has provided a testable prediction of an un-
known gene function so far. The two ORFs which are independent from the other
nodes, namelyY JL196C andY OR325W do not belong to the same cluster as
the one, and therefore it seams reasonable that they are independent.
As already noted above, the learned subnetwork consists only of undirected edges,
although a phase node was included. This may change by analyzing the complete
dataset of 800 ORFs, since then other edges might have a defined direction and
thereby in turn define the direction of the edges considered here.

The histone-subnetwork

This network consists of 9 ORFs which are known to expresshistones, and of a
phase node. Histones are a spescialized form of basic protein, present in all eu-
karyotic nuclei. They are associated with DNA in a structure calledchromatin.
Besides structural functions histones play a major role in the regulation of gene
transcription, namely by inhibiting the interaction between the promotor DNA and
general transcription factors. Thus they belong to the group of repressor proteins.

Figure 3.15 shows the resulting fPDAG of 20 learned structures, which is very
sparse containing only 4, but high confident, edges. The structure displays a strong
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Figure 3.15: The resulting feature PDAG learned from the histone-cluster; it con-
sists of 9 ORFs, which code for histone proteins, and the phase node.

dependency betweenY DR225W andY BL002W , which confirms the clustering
result of Spellman et al., but furthermore it shows the causal relationship between
those ORFs namely thatY DR225W influencesY BL002W .
The same holds for ORFY DR224C and Y BR010W , whereY DR224C af-
fectsY BR010W and forY NL030W andY NL031C whereY NL030W influ-
encesY NL031C. The interesting thing about the last relation is the fact that the
two ORFs,Y NL031C andY NL030W , are located close to each other on the
DNA strands chromosomeXIV as shown in Figure 3.16. ORFY NL030W and
Y NL031C also referred as toHHF2 andHHT2 are located on opposite DNA-
strands one after the other, and therefore they are likely to be expressed together.
Also Y BR009C and its parent nodeY BR010W , are located next to each other
on the opposite strands of chromosomeII.
This example demonstrates the advantages of Bayesian networks over other sta-
tistical techniques, such as clustering methods, already used in this context. Be-
sides revealing correlation between genes, they also detect causal relationships
between them, which is important for understanding the function of genes and
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Figure 3.16: The chromosomal feature map taken from the SGD homepage [41].
ORFHHT2 andHHF2 are located on opposite DNA strands but next to each
other.

their products. Moreover, Bayesian networks can detect suitable relationsips and
finer structures within a single cluster or subnetwork.

Finally it should be annotated, that analyzing only small subnetworks, as already
done, can not reveal all relationships among genes, since it had not been proved
that they are modular subnetworks in such a manner that they are independent
from all other genes.
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Discussion

In this thesis the approach of learning Bayesian networks was applied on mi-
croarray datasets with the goal to reveal regulatory mechanisms among genes by
modeling causal relationships. The implemented framework was applied to sev-
eral small subnetworks, and the experiments showed that on the one hand the
results correlate with those of clustering methods. On the other hand experiments
showed that applying Bayesian networks can reveal new information about the
function of genes, which are not available from clustering analyses. This is the
case because a Bayesian network can describe arbitrary combinatorial control of
gene expression and thus is not limited to pair-wise interactions between genes as
in typical clustering methods, moreover because the learned networks have prob-
abilistic semantics, which better fits the stochastic nature of both the biological
processes and the noisy experiments and finally because it also can reveal causal
patterns from gene expression data. The resulting networks, which are visualized
graphically, are easy interpretable in a biological manner, and could be used by
other scientists for further explorations.
The major problem of this framework is the sparseness of the data from microar-
ray experiments. Thus a part of the thesis deals with the effect of data sparseness
on the resulting learned networks. Results from benchmark datasets showed that
with such small sample sizes as in at the time available microarray datasets the sta-
tistical content, which is used to model Bayesian networks, is so sparse, that only
strong statistical relationships can be extracted. But as shown in section 3.1.2, the
dependencies that are detected are relatively reliable even if the dataset is small.
Since learning Bayesian networks is a purely statistical model, apart from prior
knowledge about genetic pathways, it depends on the quality of the data. But
nevertheless, also with such datasets it was possible to extract features, which are
biologicaly reasonable, and since the price of microarray chips will decrease in
the next time more samples are expected to be available which in term will allow
to model more complex genetic networks than now in the near future.

45
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Such models could then support the process ofdrug discovery, by detecting genes,
which play an integral role in biochemical processes. In Bayesian networks such
dominant genes can be easily detected since on the one hand they have no parents
and on the other hand they have many children. Due to their dominant role in
complex biochemical systems their malfunction may cause many deseases as for
example tumor-specific abnormalities, which makes them important for pharma-
cology astarget genes for new drugs.
Finally it should be annotated that this framework is not limited on modelling only
relationships among genes, but it can also be used for analyzing protein-protein
interactions by learning proteomic networks from protein datasets.

4.1 Future work

Since one of the major advantages of Bayesian network is the ability to combine
prior knowledge with information extracted from data, integrating prior knowl-
edge into the framework may improve the results. The Kyoto Encyclopedia of
Genes and Genomes (KEGG) [28], for example, provides a big collection of
graphical pathway maps of different organisms. Another interesting project is
the gold database [18], which integrates disperate information on the function and
properties of genes and their protein products, that are related to lipid-associated
disorders. Including this and other biological knowledge in the framework would
be a promising extension for modelling genetic networks.
A critical part of this framework is that a multinomial model was used. Since this
model suffer from the information loss caused by discretization, applying a linear
gaussian model should be discussed in the future.
Another critical part of this framework is the heuristic search strategy. Improving
the theory and algorithms for heuristic search would be another important part of
future work. In addition, for a significance analysis of the learned network struc-
ture it should be applied abootstrap method, as in Friedman et al. [16] to get a
more robust model.
Since common microarray datasets monitor thousands of genes the resulting space
of possible networks structures is too large for an efficient heuristic search. Thus,
to facilitate efficient learning, the search procedure has to focus on relevant re-
gions of the search space by restricting the search space in a statistical manner,
as done by Friedman et al. 1999 [17], or in a biological manner including prior
knowledge.
Another drawback of this framework is that no dynamics can be modeled, and
since most of the experiments produce temporal expression data, the exsiting
framework should be extended for learningDynamic Bayesian networks, as propsed
by Murphy et al. [36].
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Finally, another important question in the modeling of genetic networks, is to
what extent the network is modular. If it would possible to get well specified
subnetworks, e.g from clustering results, the learning procedure could be applied
to such small subnetworks, as already done in section 3.2.3 but without informa-
tion losses, and it would require much less data points than learning the complete
genomic network.

4.2 Conclusion

In this thesis the basics of gene regulatory mechanisms and its importance for
biomedical and pharmaceutic research was shown. The challenge for computa-
tional genomics is to discover ways to extract useful biological information from
such data. The framework presented in this work found high regulating genes,
which are already known, and it predicted the function of new genes unknown
so far. So it may play an important role in revealing new biochemical pathway
features as a part of the drug discovery process by finding newtarget genes.
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Chapter 5

Benchmark-Datasets

5.1 The Asia-network

Figure 5.1: The Asia network encodes a fictious medical system

This very small Bayesian network, propesed by Spiegelhalter et al. [46], en-
codes the probability distributions of a fictious medical example, aslo calledchest
clinic. It consist of 8 discrete variables with binary values (true, false) connected
by 8 edges. The variables represents deseases, e.g. bronchitis, or other condi-
tions, e.g. if patient has been to asia recently. The set of conditional probability
distributions and the structure, used for generating the datasets are described on
theNetica hompage [37].

48
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Figure 5.2: The Alarm network encodes a medical diagnostic alarm message sys-
tem for patient monitoring.
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5.2 The Alarm-network

This Baysian network was constructed from expert knowledge as a medical di-
agnostic alarm message system for patient monitoring and has become the most
popular benchmark-network for assessing structural learning algorithms. The do-
main has 37 discrete variables taking between 2 and 4 values, connected by 46
directed edges, which can be interpereted in a causal manner. The set of condi-
tional probability distributions and the structure, used for generating the datasets
are described on theNetica hompage [37].
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