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Sammanfattning
Då proteiner spelar en viktig roll i nästan alla biologiska processer syftar en central del av
genomforskning till att försöka förstå regleringen av proteinsyntes. En vital del av
regleringen är hur mycket en gen uttrycks, d.v.s. transkriberas till RNA för att därefter
translateras till ett protein. Under senare år har microarraytekniken möjliggjort simultana
mätningar av uttrycksnivån för tusentals gener. Analyser av data från microarrayexperiment kräver datoriserade matematiska och statistiska metoder och syftar till att
försöka förstå och förutsäga hur gener interagerar och hur deras uttryck regleras.
Interaktionerna knyter ihop generna i en nätverksstruktur – ett gennätverk.
Målsättningen med det här examensarbetet är att konstruera en modell baserad på
rough set-metodiken för att prediktera gennätverk från microarraydata. Rough set är en
matematisk metod som togs fram i Polen i början på 1980-talet och utgör ett ramverk för
hur mönster kan hittas och approximeras i stora datamängder.
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To Katharine.

Abstract
Advances in molecular biological methods enable a systematic investigation of the complex molecular processes underlying biological systems. In
particular, using high throughput gene expression assays, it is possible to
simultaneously measure the expression level of thousands of genes. These
measurements describe the output of a gene network. A major challenge in
computational biology is to unravel gene/protein interactions and key biological features from the output of cellular systems. In this work, I propose
a new framework for discovering interactions between genes based on rough
sets methodology. This framework relies on finding patterns in gene network output data matrices that describe features of the underlying network.
Patterns are found by applying rough sets data mining methods for template extraction. A template represents a reoccurring pattern in the data.
The templates are used for generating association rules, based on rough sets
and Boolean reasoning methods. Association rules describe dependencies
between genes and these dependencies can be graphically visualized.
The method has been applied to the S. cerevisiae cell-cycle data set
of Spellman et al. (1998) to uncover biological features and the discovered
relations between genes have been compared to known relations from the
literature. The method seems to work well and finds relevant networks in
noisy data.
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iv

Every attempt to employ mathematical methods in the study
of biological questions must be considered profoundly irrational and contrary to the spirit of biology. If mathematical
analysis should ever hold a prominent place in biology - an
aberration which is happily almost impossible - it would occasion a rapid and widespread degeneration of that science.

- Auguste Comte, Pilosophie Positive, 1830
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Chapter 1

Inference of Gene Networks
from Microarray Data
1.1

Introduction

As proteins play a fundamental part in almost all biological processes, a
central focus of genomic research concerns understanding the regulation of
protein synthesis and its reaction to internal and external signals. One vital
part of the regulation is to what extent a coding region (gene) of the DNA is
expressed, i.e. transcribed to RNA and then translated to a protein (Fig 1.1).
The level to which a gene in a cell is transcribed (the expression level ) is
dependent on (but not restricted to) environmental factors such as disease,
starvation and suboptimal temperature as well as what phase in the cell
cycle the cell is in.
In recent years, the advent of the microarray technology has enabled
studies of the behavior of genes in a holistic rather than in an individual
manner. With the aid of microarrays the expression level of thousands of
genes can be measured simultaneously, which require mathematical, statistical and computational methods to process vast amounts of data and
to make useful predictions about biological systems behavior. Most of the
analysis tools that have been applied to microarray data have been based
on clustering algorithms. These algorithms all try to group together genes
with similar expression profiles over time or over different experimental conditions and can help elucidate classes of genes that are co-regulated. Rather
than simply identifying groups of co-expressed genes we would like to reveal the structure of the transcriptional regulation process. This has lead to
the development and analysis of mathematical and computational methods
in order to construct formal models of genetic interactions. This research
direction provides a conceptual framework for an integrative view of gene
function and regulation and paves the way toward understanding the complex relationships between the genome and cell function.
1
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Figure 1.1: The central dogma of molecular biology. A gene is transcribed
to RNA, which is translated to a sequence of amino acids in the protein
synthesis. [Picture courtesy of Johan Geijer, department of biotechnology
at KTH in Stockholm.]

In this chapter I will briefly describe the microarray technology and go
through general principals of gene networks and gene network inference. I
will also review clustering algorithms for inference of gene networks as well
as the Bayesian framework for gene network modelling (a basic statistical
knowledge by the reader is assumed in this section). Estimating confidence
in inferred networks will also be discussed.

1.2

The Microarray Technology

Until recently the analysis of genes was constrained to investigating one or
a few genes at a time. The availability of sequenced genomes and the development of the microarray technology have provided the means to perform
global analyses, where the expression level of thousands of genes can be
measured in a single assay.
The basic concept of microarrays is simple. RNA is harvested from a
cell type or tissue of interest and labeled to generate the target - the nucleic
acid sample whose abundance is being detected. This is hybridized1 to the
tethered DNA sequences (probes) corresponding to specific genes that have
been affixed, in a known configuration, onto a solid matrix. Hybridization
between probe and target provides a quantitative measure of the abundance
of a particular sequence in the target population.
There are two fundamentally different microarray techniques; cDNA mi1

Hybridization is defined as the process of two complementary strands of DNA or one
each of DNA and RNA bonding to each other to form a double-stranded molecule
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croarrays, which PCR-amplified probe molecules corresponding to characterized expressed sequences, and oligonucleotide microarrays, made of synthetic
probe sequences based on database information2 .
The cDNA microarray technology measures the expression level of a particular gene at a specific time point3 or under a given experimental condition
(mutant, disease, etc.) relative the expression level of the same gene in a
control sample (time = 0, wild type, healthy, etc.). Since each data point
represents the ratio between two expression levels, the data points are usually transformed to the log2 scale, being a natural scale of measurement
for multiplicative changes. Due to unavoidable experimental artifacts, the
data always has to be normalized (Yang et al., 2001). The normalized gene
expression data is commonly presented in a gene expression data matrix E,
in which each sample (time point, experimental condition etc.) corresponds
to a column and each gene corresponds to a row. The jth element of the ith
t
row holds the relative expression level for gene i in sample j, rij = log2 ( cijij ),
where t (= treatment) is the studied time point or condition and c is the
control.
The cDNA microarray technology is a powerful tool for gene analysis
and can be used to help elucidate the function of a gene or to unravel
gene regulation as well as serving as a diagnostic tool in medical science
or aiding drug discovery and toxicological research. However, performing
microarray experiments is time consuming and expensive, and the measured
gene expression levels are afflicted with a great deal of noise.
For a more detailed review of the microarray technology, I refer to Murphy (2002).

1.3

Gene Networks

In cells, genes interact and regulate each other. The interaction is mediated
through gene products (proteins). For instance; gene g1 codes for a transcription factor G1 that regulates the transcription of gene g2 and hence
the abundance of the protein G2 . From a biological point of view, a gene
network is a graphical representation of how genes interact to cooperatively
form the foundation of a biological system. Expressed more formally, a gene
network is a directed labelled graph, where each node represents a gene and
each arc represents a relation between the genes. A directed graph is defined
as a tuplet (G, A) of nodes G and arcs A, where an arc a ∈ A is an ordered
2
Throughout this thesis, the expression data is assumed to have been produced with
cDNA microarrays. However, the presented methods can analogously be applied to
oligonucleotide microarray data.
3
The data generated from microarray experiments measuring the expression of genes
over a set of time points is referred to as time profile data
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Figure 1.2: A very simple example of a gene network. Notice the selfregulatory loop of gene 2 and the feedback loop between gene 4 and 1.

pair of nodes (g1 , g2 ) ⊆ G. A labelled graph is obtained by connecting each
node with a name (Fig. 1.2).
The function of a biological system is manifested in the behavior of
the gene network. Generally, a gene network has several stable phenotypic
configurations, e.g. healthy/diseased and wild-type/mutant. Borrowing terminology from chaos theory, the stable states can be viewed as attractors,
i.e. low-energy states that the system, if slightly perturbed, will return to
(Somogyi and Sniegoski, 1996). The system can be strongly disrupted, for
example by an infection, and forced over the edge of one attractor basin to
another, thus ending up at another attractor (local energy minima). The
dynamics of a gene network, e.g. how gene expression varies over the cell
cycle, can be viewed as a trajectory of state transitions within an attractor
basin (Fig. 1.3). To correctly infer the structural design of gene networks,
the expression levels of the genes need to be observed under a wide variety
of perturbations (starvation, disease, etc.) and states (time points).
The goal of gene network inference is to model the interactions between
genes from experimental data and to understand the dynamics and the architecture of the network to the point where it is possible to predict attractors
and direct the network to an attractor of choice, e.g. from a diseased state
to a healthy state. It has been shown that this goal in principle is possible
to achieve (Somogyi et al., 1997). However, several problems are adhered
with inference of gene networks. Current data is very noisy and due to the
high cost of microarray experiments, only a limited number of samples exist, typically around 20. Since there are around ten thousand genes on each
array (sample), the problem is highly underdetermined. Moreover, mRNA
expression data only give a partial picture, and can not account for regulatory aspects such as translational control or protein activation/inactivation.
To try to circumvent these problems it is desirable to use prior biological
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Figure 1.3: Attractors, attractor basins and trajectories. t1 is a trajectory
between two attractor basins, whereas t2 shows a trajectory within an attractor basin. The red circles show trajectories of state transitions, e.g.
different states (phases) of the cell cycle.

knowledge in order to guide the model to find relevant networks.

1.4
1.4.1

Inference Methods
Clustering

Clustering methods try to group together genes with similar expression profiles over time or over different experimental conditions under the assumption that similar expression profiles imply shared functions and regulation.
All clustering methods assume the pre-existence of groupings of the objects
to be clustered. Noise or other imperfections in the measurements have
obscured these groupings. The objective of the clustering algorithm is to
recover the original grouping among the data.
Several different clustering algorithms have been applied to microarray
data. Perhaps the most common ones are hierarchical clustering and kmeans clustering. The idea behind hierarchical clustering, sometimes referred to as guilt by association, is to select a gene and determine its nearest
neighbor in expression space, according to some distance measure, e.g. Euclidian distance or Pearson correlation (D’haeseleer et al., 2000). The same
procedure is repeated in the next iteration, this time selecting and incorporating the gene closest to the already grouped genes into the cluster. Hence,
the clustering can be associated with a dendrogram, a tree-like structure
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showing the relational distance between genes, according to their expression
profiles. The k-means algorithm (MacQueen, 1967) partitions N genes into
K clusters, where K is pre-defined by the user. K initial cluster ’centroids’
are chosen and each gene is assigned to the cluster with the nearest centroid.
Next, the centroid for each cluster is recalculated as the average expression
pattern of all genes belonging to the cluster, and genes are reassigned to
the closest centroid. Membership in the cluster and cluster centroids are
updated iteratively until no more changes occur.
Cluster analysis can help explicate the co-regulation of genes (see for instance Tavazoie et al. (1999)), but is not capable of capturing the integrated
behavior of gene network regulatory interactions. Furthermore, clustering
techniques lack ways of incorporating biological knowledge in the model.
More complex models, where the structure of the network is modelled, are
hence needed. Modelling methods use available experimental data, e.g. microarray data, to train the model to accurately infer networks.

1.4.2

Bayesian Network Modelling

A number of different approaches to gene regulatory network modelling from
microarray data have been proposed, including linear models (D’haeseleer
et al., 1999), neural networks (Vohradsky, 2001), Boolean network models
(Somogyi et al., 1997) and differential equations (Chen et al., 2000)4 . In
addition, models based on other types of input data have been put forward,
e.g. stochastical models on a molecular level (McAdams and Arkin, 1997)
and networks built from literature data, linking genes that are mentioned in
the same paper (Jenssen et al., 2001).
A model class that has received considerable attention in recent years
is the Bayesian network model (Friedman et al., 2000; Murphy and Mian,
1999) for inferring gene networks from microarray data. Bayesian modelling has several advantages; its probabilistic semantics enable description
of stochastical processes and implies clear methodologies for learning from
noisy observations, it is well studied in other contexts and has been advocated in underdetermined problems (Kim et al., 2003). Also, the Bayesian
model can be regarded as the mother of all network models, in that most
other network representations are special cases of the Bayesian model (Murphy and Mian, 1999).
4
The references appearing here are not the original papers where the methods first
appeared, but rather suggested reviews or applied examples of the methods. Most of
these models date back to the 1960s.
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Figure 1.4: An example of a simple Bayesian gene network. A and B are
parents of C, B is a parent of D and C is a parent of E. The network
structure implies several conditional independence statements: I(A; B),
I(C; D | A; B), I(E; A, B, D | C), I(D; A, C, E | B) and I(A; B, D). The
network structure also implies that the joint distribution has the product
form P (A, B, C, D, E) = P (A)P (C | B, A)P (E | C)P (D | B)P (B).

Representing Distributions with Bayesian Networks
A Bayesian network is a special case of a directed acyclic graph (DAG).
That is, all edges in a the graph are directed (i.e. they point in a particular direction) and there are no cycles (i.e. there is no way to start from
any node and travel along a set of directed edges in the correct direction
and arrive back at the starting node). Each node in the DAG corresponds
to a random variable, e.g. expression levels of different genes, and is assumed to be independent of its non-descendants given its parents (Markov
assumption). Edges are modelled in terms of joint multivariate probability
distributions. Any joint distribution that satisfies the Markov assumption
can be decomposed into product form:
P (X ) =

n
Y

P (Xi | Pa(Xi ))

i=1

where X = {X1 , . . . , Xn } is a finite set of random variables and Pa(Xi ) is the
set of parents of Xi in the DAG (Fig. 1.4). Xi may take any value xi ∈ VXi ,
where VXi is the value domain of Xi . To specify a joint distribution, the
conditional probabilities that appear in the product form also need to be
specified, i.e. the distributions P (xi | pa(Xi )) for each value xi of Xi and
pa(Xi ) of Pa(Xi ) need to be described. Most Bayesian approaches to gene
network modelling have focused on the qualitative aspects of the data and
hence discretized the gene expression values into a number of categories,
e.g. -1, 0, and 1, depending on whether the expression rate is significantly
lower than, similar to, or greater than the respective control. In that case
the variables xi and pa(Xi ) have finite value domains. The conditional
dependencies can thus be represented as tables. Generally however, Bayesian
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gene networks can accommodate continuous expression values.
Learning Bayesian Networks
Learning a Bayesian network can be expressed as finding the network B =
hG, Θi, where G is a DAG and Θ is a set of parameters assigned to G, that
best matches a given training set D = {x1 , . . . , xN } of independent instances
of X . The common approach to this problem is to introduce a scoring
function, and to search for the optimal network configuration according to
this score. An often used scoring function is the Bayesian score (Friedman
et al., 2000):
S(G : D) = log P (G | D) = log P (D | G) + log P (G) + C
where C is a constant independent of G and
Z
P (D | G) = P (D | G, Θ)P (Θ | G)dΘ
is the marginal likelihood which averages the probability over all possible
parameters assigned to G. The particular choice of priors P (G) and P (Θ |
G) for each G determines the exact Bayesian score (for a discussion around
choice of priors, see Heckerman et al. (1995)). Once the priors are specified,
learning amounts to finding the structure G that maximizes the score. This
problem is known to be NP-hard5 . Thus, heuristic methods need to be
applied, e.g. a greedy algorithm that in each iteration adds, removes or
reverses a single arc, keeping the change if it increases the score value, until
a local maxima is found (similar to Monte Carlo-simulations).
Dynamic Bayesian Networks
Since Bayesian networks assume a directed uncyclic graph structure, they
exclude the possibility of cyclic regulation in the modelled system. However, cyclic regulations, or feedback loops, are known to be very common in
gene networks. Dynamic Bayesian Networks address this shortcoming of
Bayesian networks.
Kim et al. (2003) suggest an approach to apply dynamic Bayesian network modelling to microrray time profile data. The same assumptions as
in the Bayesian network model are made, but the product form of the joint
probability distribution is modified according to
P (X11 , . . . , Xmn ) = P (X1 )P (X2 | X1 ) · · · · · P (Xm | Xm−1 )
5
NP-hard problems are extremely computationally expensive and can hence not be
solved by simply increasing the computational power as the number of in-parameters
grow. For more information about NP and NP-hard problems, see Ausiello et al. (1999)
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where Xi = (Xi1 , . . . , Xin )T is a set of n random variables at time i. The
conditional probability P (Xi | Xi−1 ) can also be expressed on product form:
P (Xi | Xi−1 ) = P (Xi1 | Pai−1,1 ) · · · · · P (Xim | Pai−1,m )
where Pai−1,j is the set of parents genes of gene Xj at time i−1. In Kim et al.
(2003) a model based on only first-order Markov relation between the time
points is demonstrated. The relationship between the time point is, however,
arbitrary. Dynamic Bayesian networks can be learned in conceptually the
same way as Bayesian networks.
The results obtained by Kim et al. (2003) show an improved performance
compared to Bayesian network modelling. The number of correctly modelled
gene interactions is increased and the amount of modelled false positive
interactions is reduced, especially when the target network contains feedback
loops.

1.5

Estimating Statistical Confidence in Inferred
Networks

The special conditions (noisy data and few samples) under which gene networks are inferred pose questions about the statistical confidence in the
modelled networks. In Wessels et al. (2001), the authors address this issue
and they also propose six standardized characteristics for comparing the
performance of different continuous network models, such as linear models
and differential equation models. However, for methods using discetized expression values, no such standardized framework for measuring performance
exists.
Bayesian confidence estimation can be used to assess the confidence of
networks inferred from discretized expression values, but it has several problems afflicted with it (Heckerman et al., 1995). Because of these problems,
Friedman et al. (1999) propose the Bootstrap method (Efron and Tibshirani,
1993) for confidence estimates of gene networks. The Bootstrap is applicable
to discretized as well as continuous data. The idea behind the Bootstrap is
that network features that are still induced when the data set is perturbed
have high confidence. The perturbations are generated by re-sampling, with
replacement, from the given data set. Let D be a data set with N samples:
1. for i := 1 to m do
Re-sample, with replacement, N instances from D. Let Di
denote the resulting data set.
Infer a network Ĝi = Ĝ(Di ) from Di .
2. For each feature f of interest, define
p∗,n
N (f )

m

1 X
=
f (Ĝi )
m
i=1

1.5. Estimating Statistical Confidence in Inferred Networks
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To test the Bootstrap, Friedman et al. (2000) used synthesized data generated from known models, which allowed them to compare the feature that
the Bootstrap is confident about to the true features in the network. Their
results suggest that the Bootstrap estimates are quite cautious. Features
induced with high confidence are rarely false positives. Also, high confidence features are reliable even when the data set used to build the model
(training data) is small.
Permutation tests can be used to test the credibility of the confidence
assessment. A random data set is created by randomly permuting the order
of the experiments independently for each gene. Thus for each gene the order
is random, but the composition of the sample series remain unchanged. In
such a data set, genes are independent of each other, and hence network
features with high confidence estimates are not expected to be found with
for instance the bootstrap.
A critical issue in gene network modelling is generalization: how well will
the network make predictions for cases that are not in the training data? A
model that is not sufficiently complex (e.g. clustering algorithms) can fail to
detect the dependencies in a complicated data set, leading to underfitting.
A model that is too complex may fit the noise, not just the signal, leading
to overfitting. Overfitting the model makes it perform exceptionally well
on the training data, whereas it will be useless on unseen data (test data).
This is especially a problem with few training samples and noisy data. The
degree of overfitting can be tested by applying the model to unseen data.
Modelling algorithms often include user set parameters and cut-off values, such as threshold levels used for discretization. In the learning procedure these parameters are optimized and potentionally overfitted to the
network at hand. Thus, it is important to test the robustness of the inferred
network, that is to analyze how poorly the parameters can be chosen and
the correct network still be inferred. This can be tested by repeating the
experiment using different parameter settings.

Chapter 2

Rough Sets
2.1

Introduction

The rough set theory was developed by Zdzislaw Pawlak at the Polish
Academy of Computation in Warsaw in the early 1980’s (Pawlak, 1981).
Rough set is founded on the assumption that some knowledge (data, information) can be associated with every observed object in the universe
under study. The methodology is concerned with extracting approximations of concepts from databases, based on the available information about
the objects. The extracted approximations give insight into the problem
at hand as well as defining a framework for classifying unseen objects into
certain subsets of the universe. Objects characterized by the same information are indiscernible in view of the available information. Discernibility
relations form the mathematical core of the rough set theory. The concept
of discernibility leads to the definition of a set in terms of lower and upper
approximations. The lower approximation is a description of the domain
objects which are known with certainty to belong to the subset of interest,
whereas the upper approximation is a description of the objects which possibly belong to the subset. Any subset defined through its lower and upper
approximations is called a rough set.
In this chapter the above discussion will be formalized and the basic
rough set notions will be introduced in the section ’Basic Notions’. The
concepts introduced in ’Basic Notions’ will serve as a foundation for theorems and algorithms presented in the section ’From Templates to Association
Rules’, which are directly related to my approach to gene network inference.
For more on the fundamental ideas of rough sets, I refer to Komorowski et
al. (1998), and for details and proofs related to templates and association
rules, I refer to Nguyen and Nguyen (1999).
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g1
g2
g3
g4
g5
g6
g7

0H − 2H
1
1
1
0
0
1
−1

2H − 4H
−1
0
0
1
1
1
−1

Table 2.1: Example of a simple information system. The first row states that
gene g1 is upregulated in the time interval 0 − 2 hours and downregulated
in the interval 2 − 4 hours. The terminology extends to row two to seven in
the obvious way.

2.2
2.2.1

Basic Notions
Information System

A data set represented as a table, where each row is an object (gene, patient,
...) and each column represents an attribute (a measurable piece of information about the object) is called an information system. Formally, the
information system is a pair A = (U, A), where U is a non-empty finite set
of objects called the universe and A is a non-empty finite set of attributes
such that a : U → Va for every a ∈ A. The set Va is called the value set of
a. Table 2.1 is an example of a very simple information system which shows
how the expression level of seven different genes varies over two different
time intervals (time profile data). 1 means that a gene is upregulated, −1
that the gene is downregulated, whereas 0 symbolizes a constant expression
level. There are seven objects (g1 − g7 ) and two attributes (0H − 2H and
2H − 4H) in the information system shown in Table 2.1. Objects g2 and g3
as well as g4 and g5 have exactly the same attribute values, and are hence
indiscernible in respect to the available attributes.

2.2.2

Decision System

In many applications objects belong to known classes. This a posteriori
knowledge about the system is represented by a decision attribute (known
property of the object). The other attributes are referred to as condition
attributes (measured properties of the object). Tables adhering to these requirements are called decision systems. A decision system is an information
system on the form A = (U, A ∪ {d}), where d ∈
/ A is the decision attribute.
The decision attribute may take any number of values though binary outcomes (yes/no, accept/reject etc.) are rather frequent. In Table 2.2 the
seven genes from Table 2.1 are grouped in two classes depending on if they
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g3
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0H − 2H
1
1
1
0
0
1
−1

2H − 4H
−1
0
0
1
1
1
−1

F unction
Transport
Transcription
Transport
Transcription
Transcription
Transport
Transcription

Table 2.2: Table 2.1 extended to a decision system by adding a decision
attribute. Gene g1 is upregulated between 0 and 2 hours, and downregulated
between 2 and 4 hours and is known a posteriori to be involved in the
transport processes in the cell. [Analogous for g2 - g7 .]
are known to function in cell transport or in the transcription machinery.
A decision system collects all available information about the model.
Some of the available information might be superfluous in the sense that it
might not add to our knowledge about the model. The information can be
redundant in two ways:
1. The same or indiscernible objects might be represented several times. With any subset of attributes B ⊆ A, an information
vector for any object x ∈ U can be associated:
infB (x) = {(a, a(x)) : a ∈ B}
An equivalence relation called the B-indiscernibility relation, denoted
IND(B), is defined by
IN D(B) = {(x, y) ∈ U × U : infB (x) = infB (y)}
Objects x, y satisfying relation IND(B) are indiscernible by attributes
from B. The equivalence class IND(B) defined by x is denoted [x]IN D(B) .
The decision system in Table 2.2 defines an indiscernibility relation according to:
IN D({0H − 2H}) = {{g1 , g2 , g3 }, {g4 , g5 }, {g6 , g7 }}
IN D({2H − 4H}) = {{g1 , g7 }, {g2 , g3 }, {g4 , g5 , g6 }}
IN D({0H − 2H, 2H − 4H}) = {{g1 }, {g2 , g3 }, {g4 , g5 }, {g6 }, {g7 }}
It is sufficient that only one object in each indiscernibility class, provided that they have the same decision attribute, is represented in the
decision system, since all objects in one indiscernibility class represent
the same knowledge about the system.
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g2
g3
g4
g5
g6
g7

0H − 2H
1
1
1
0
0
1
−1
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2H − 4H
−1
0
0
1
1
1
−1

4H − 6H
−1
0
1
1
0
1
0

F unction
Transport
Transcription
Transport
Transcription
Transcription
Transport
Transcription

Table 2.3: Table 2.2 extended with a third conditional attribute.
2. Some of the conditional attributes might be superfluous.The
other dimension of reduction is to keep only those attributes that preserve the indiscernibility relation. The discarded attributes are redundant information since they do not add to our knowledge about the
system. If Table 2.2 is extended with another column (Table 2.3) describing the expression of the genes in another time interval (4H −6H),
it appears that column one is superfluous. Only column two and three
are needed in order to keep the indiscernibility relation. A minimal
subset B of A (with regard to inclusion) such that IN D(A) = IN D(B)
is called a reduct of A. Finding a minimal reduct (i.e. a reduct with
minimal cardinality of attributes among all reducts) is an NP-hard
problem. Fortunately good heuristics exist.

2.2.3

Set Approximation

An equivalence relation partitions the universe (the set of objects) into subsets of the universe. Objects belonging to the same indiscernibility class can
have different values of the decision attribute (belong to different classes).
For example, ”Function” in Table 2.2 cannot be defined in a consistent
manner: gene g2 and gene g3 are indiscernible with respect to the condition
attributes, but have different values of the decision attribute. Any set with
this characteristic is called rough. Although it is not possible to define the
genes in Table 2.2 crisply, delineation of the genes that certainly do function
in the transcription machinery in the cell, those that certainly are involved
in cell transport and the genes that belong to a boundary between the certain cases can be done. If the boundary is non-empty, the set is rough.
These subsets of the universe are formally expressed by introducing the Blower and the B-upper approximation of X in A, where A = (U, A) is an
information system, B ⊆ A is a set of attributes and X ⊆ U is a set of
objects:
BX = {x ∈ U : [x]IN D(B) ∈ X} and BX = {x ∈ U : [x]IN D(B) ∩ X 6= ®}
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Figure 2.1: Approximating the set of genes involved in transcription using
the two conditional attributes 0H − 2H and 2H − 4H.
The objects in BX can with certainty be classified as members of X on
the basis of knowledge in B, while the objects in BX can be classified
only as possible members of X on basis of the knowledge in B. The set
BNB = BX − BX is called the B-boundary region of X, and thus consists
of those objects that we cannot decisively classify into X on the basis of
knowledge in B. The set U − BX is called the B-outside region of X
and consists of those objects which can be with certainty classified as not
belonging to X, given the knowledge in B.
If F = {x|F unction(x) = T ranscription} is introduced the approximation regions
AF = {g4 , g5 , g7 }, AF = {g2 , g3 , g4 , g5 , g7 },
BNA (F ) = {g2 , g3 } and U − AF = {g1 , g6 }
are obtained from the decision system in Table 2.2. The outcome Function
is rough since the boundary region is non-empty. These sets are shown in
Figure 2.1.

2.2.4

Templates as Patterns in Data

Let A = (U, A) be an information system. By descriptors we mean terms of
the form (a = v), where a ∈ A is an attribute and v ∈ Va is a value in the
domain of a. By a template we mean the conjunction of descriptors:
T = D1 ∧ D2 ∧ . . . ∧ Dm
where D1 , . . . , Dm are descriptors. We denote by length(T) the number of
descriptors in T.
For a given template with length m:
T = (ai1 = v1 ) ∧ . . . ∧ (aim = vm )
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Figure 2.2: The Boolean reasoning scheme for solving problems.

the object u ∈ U is said to satisfy the template T if and only if ∀j aij (u) =
vj . In this way the template T describes the set of objects having the
common property: ”values of attributes ai1 , . . . , aim are equal to v1 , . . . , vm ,
respectively”. Consequently templates can be used to describe the regularity
in data, i.e., patterns.
Templates are, except for length, also characterized by their support.
The support of a template T is defined by
support(T) =| {u ∈ U : u satisf ies T} |

2.2.5

Boolean Reasoning

Many problems in rough set theory (e.g. reduct finding, rule extraction
and descretization) has been successfully solved by employing the Boolean
reasoning approach (Nguyen and Nguyen, 1999). The method is based on
encoding the investigated problem π by a corresponding Boolean function
fπ in such a way that any prime implicant1 of fπ states a solution to π (Fig.
2.2). This can be illustrated by observing the problem of finding minimal
reducts. Let A = (U, A ∪ d) be a decision system where U = u1 , u2 , . . . , un
and A = a1 , a2 , . . . , ak . A discernibility matrix (n × n) of the decision table
A is defined by
M(A) = [Ci,j ]nij=1
such that Ci,j is the set of attributes discerning ui and uj . Formally:
½
am ∈ A : am (xi ) 6= am (xj ) if d(x)i 6= d(x)j
Ci,j =
∅
otherwise
1
An implicant of a Boolean function f is any conjunction of literals (variables or their
negations) such that if the values of these literals are true under an arbitrary valuation v
of variables then the value of the function f under v is also true. For example a ∧ b is a
prime implicant of the function f (a, b, c, d) = (a ∨ b) ∧ (a ∨ c) ∧ (b ∨ c ∨ d) ∧ (a ∨ d)
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One can then define the discernibility function fA as a Boolean function:


^
_

fA (a∗1 , . . . a∗k ) =
a∗m 
i,j

am ∈Ci,j

where a∗1 , . . . , a∗k are Boolean variables corresponding to attributes a1 , . . . , ak .
It is then easily realized that prime implicants of fA correspond exactly to
reducts in A.

2.2.6

Decision Rules

A decision rule can be defined as
P⇒d=g
where P is a template, d is the decision attribute and g ∈ Vd is a value in the
domain of d. A decision rule can be interpreted as an ”if-then statement”.
Two examples of decision rules derived from Table 2.2 are:
• IF upregulated in time interval 0H −2H AND downregulated in time
interval 2H − 4H THEN F unction = transport.
• IF upregulated in time interval 0H − 2H AND unchanged in time
interval 2H − 4H THEN F unction = transport OR F unction =
transcription.
The interpretation, in terms of set approximations, of a rule whose thenpart contains more than one possible outcome is that one or more objects
fulfilling the if-part of the rule are in the boundary region, whereas if the
then-part of the rule contains a single outcome, it can be interpreted as all
objects satisfying the if-part of the rule are in either the inside or the outside
region of the approximation of the set of genes involved in transcription.
Decision rules extracted from a set of objects with a known class belonging (the training set) can be used to classify unseen objects. For instance, if
a ”new” gene has been observed to be upregulated in the interval 0H − 2H
and downregulated in the interval 2H − 4H, it would be classified as having
F unction = transport.
The main challenge in inducing rules from decision systems is to determine which attributes that should be included in the conditional part of the
rule. To obtain decision rules that are minimal and yet describe the data
accurately, one can compute the reducts per object relative the outcome
attribute, and read off the attribute values for that case. For example, in
Table 2.2, the attribute 0H − 2H is such a reduct for genes g1 , g3 and g6 .
This defines the decision rule ”IF a gene is upregulated in the time interval
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0H − 2H THEN Function= transport”. Doing this for all objects creates a set of minimal decision rules that form a lossless and minimal if-then
representation of the data in the decision table.
In most real-world applications, the data is likely to contain noise or
other impurities, and a lossless, minimal representation of the data is likely
to overfit the patterns we are interested in extracting. Overfitted models
provide rules that are overly specific and thus incorporate the noise and
peculiarities of the training data, instead of being shorter and expressing
more general relationships between conditions and decisions. Less specific
patterns are likely to generalize better to unseen cases. Hence, one is typically interested in computing reduct approximations, such as α − reducts
(Skowron and Nguyen, 1999), i.e., attribute sets that ”almost” preserve the
indiscernibility relation. α−reducts are defined as a minimal set of reducts
among the set of attributes B such that
discernibility degree =

|Cij : B ∩ Cij 6= ∅|
≥α
|Cij : Cij 6= ∅|

where Ci,j is the set of objects discerning objects ui and uj (as defined in
the ’Boolean Reasoning’-section above) and α ∈ [0, 1]. From such reduct
approximations one can generate decision rules that reveal probabilistic relationships between a set of conditions and a set of possible decisions.

2.2.7

Association Rules

Association rules can be defined as implications of the form
P⇒Q
where P and Q are different templates. Association rules can be interpreted
as an if-then statement on the form: IF D1 AND . . . AND DN THEN D1∗
∗ , where D and D ∗ are descriptors, D ∧, . . . , ∧D = P,
AND . . . AND DM
i
1
N
i
∗ = Q, and N, M ∈ N.
D1∗ ∧, . . . , ∧DM
For a given information system A, the quality of the association rule R =
P ⇒ Q can be evaluated using two measures called support and confidence
with respect to A. The support of the rule R is defined by the number of
objects from A satisfying the condition (P ∧ Q), i.e.
support(R) = support(P ∧ Q)
The confidence of R is the ratio between the support of (P ∧ Q) and the
support of P, i.e.
conf idence(R) =

support(P ∧ Q)
support(P)
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From Templates to Association Rules
Optimal Templates

It has been shown that given an information system A = (A, U ) and a
positive integer L, the optimization problem of searching for a template T
of length L with maximal support is NP-hard (Nguyen et al., 1998). In
practice, L is not known, and the optimization criterion must therefore be
modified to maximizing a quality function, such as
quality(T) = support(T) · length(T)
for some α, β ∈ R. Nguyen and Nguyen (1999) present a greedy algorithm
called the template lengthening strategy for solving the optimization problem
stated above. Before running the algorithm a quality function defined for
an arbitrary template has to be determined. The quality of the template T,
say quality(T), estimates the fitness of T for a specific application. T is initialized as the empty template. In the successive iteration, T is extended by
adding the descriptors that maximize the quality of the resulting template.
However, it is impossible to determine the influence of a single descriptor
to the quality of the resulting template in every iteration. Hence, for any
temporary template T, the fitness of adding a descriptor D to a template T
is defined. For every descriptor Di , the fitness function reflects the chance
that an extended template T ∧ Di is optimal. For example, it can be defined
by
f itness(D) = quality(T ∧ D) − quality(T)
The template lengthening strategy can easily be modified to generate more
than one template. Instead of choosing only one descriptor in step 3 (see
below), several (say k) best descriptors can be stored.

The Template Lengthening Strategy
1. i := 0; Ti = ∅
2. while(A 6= ∅)
3.
Choose the attribute a ∈ A and the corresponding value set Sa ⊂
Va such that (a ∈ Sa ) is the best descriptor according to f itnessTi (·);
Ti+1 := Ti ∧ (a ∈ Sa ); i := i + 1;
4.
5.
Remove the attribute a from the attribute set A;
6. endwhile
7. Return the template Tbest with maximum quality

2.3. From Templates to Association Rules
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Optimal Association Rules

Let us assume that a template T = D1 ∧ . . . ∧ Dm supported by at least s
objects has been found with for example the template lengthening strategy.
The set of all descriptors occurring in T is denoted DESC(T). Any set of
descriptors P ⊆ DESC(T) defines an association rule


^
^
RP =def 
Di ⇒
Dj 
Di ∈P

Dj ∈P
/

The length of a association rule RP is defined as the number of descriptors
in P and the confidence can redefined as
conf idence(RP ) =def

support(T)
V
support( Di ∈P Di )

We would like to find as many association rules as possible with satisfactory
confidence (i.e. conf idence(RP ) ≥ c for a given c ∈ (0; 1]). The following
property holds for confidence of association rules:
P1 ⊆ P2 ⇒ conf idence(RP1 ) ≤ conf idence(RP2 )
For a given confidence threshold c ∈ (0; 1] and a given set of descriptors
P ⊆ DESC(T), the association rule RP is called c-representative if
1. conf idence(RP ) ≥ c
2. For any proper subset P0 ⊂ P the conf idence(RP0 ) is less than c
From the confidence relation above it is obvious that instead of searching
for all association rules, it is enough to find all c-representative association
rules. An optimal c-representative association rule is defined as the shortest c-representative association rule. Searching for optimal c-representative
association rules is NP-hard (Nguyen and Nguyen, 1999). However, it can
be shown that the problem of searching for optimal association rules from a
given template is equivalent to the problem of searching for local α-reducts
in a decision table (Nguyen and Nguyen, 1999), a well known problem in
rough set theory. In Nguyen and Nguyen (1999) the Boolean reasoning approach is proposed for generating association rules. π (fig. 2.3) is here the
representative association rule problem, given the information system A and
the template T. fπ is a discernibility function for a new decision system A |T
derived from (A, T), the prime implicants of fπ are the α-reducts P1 , . . . , Pt
of A |T and the optimal solution for π is the representative association rules
RP1 , . . . , RPt .
The decision system A |T = (U, A |T ∪d) is constructed from the original
information system A and the template T as follows:
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Figure 2.3: The Boolean reasoning scheme for association rule generation.

• A |T = {aD1 , . . . , aDm } is a set of attributes corresponding to the description of the template T
½
1 if the object u satisfies Di ,
aDi (u) =
0 otherwise
• the decision attribute d determines if a given object satisfies template
T, i.e.
½
1 if the object u satisfies T,
d(u) =
0 otherwise
Greedy heuristics for finding k short representative association rules are outlined in Nguyen and Nguyen (1999). The idea relies on deriving as short
association rules, R1 , . . . , Rk , as possible while keeping conf idence(Ri ) as
high as possible. This is done by generating association
V rules with as low
support as possible for its ’P-side’ (minimize support( Di ∈P Di )). The inputs to the algorithm are the decision table A |T , the minimal accepted
confidence c ∈ [0, 1], the number of representative rules k ∈ N and the
output is k short c-representative association rules RP1 , . . . , RPk .
The algorithm starts by forming a working set of P-sides of k potential
association rules. Each P-sides is initiated with one of the k least supported
descriptors from a template T. In each iteration of the algorithm a candidate set of P-sides is constructed from the working set. Every P-side in the
working set is extended with several different descriptors with low support,
each forming a candidate in the candidate set (Fig. 2.4). The candidate set
hence consists of P-sides of association rules with high potential of being
short while maintaining a high confidence. If a candidate Ri is found to
have conf idence(Ri ) ≥ c, it is moved from the candidate set to the result
set, consisting of found almost-optimal c-representative association rules.
The remaining rules form the new working set. The length of the rules in
the candidate set is incremented with one in every iteration, thus bringing
confidence up.
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k short representative association rules algorithm
1. for i := 1 to k do Set Pi := ∅; UPi := U ;
2. Set min support :=| U | − 1c · support(T);
3. Result set:= ∅;
Working set := {Pi , . . . , Pk };
4. Candidate set:= ∅;
5. for (Pi ∈ Working set) do
Choose k descriptors D1i , . . . , Dki from DESC(T)\Pi which are
satisfied by the smallest number of objects from UPi ;
Insert Pi ∪ {D1i , . . . , Dki } to the Candidate set;
6. Select k descriptor sets P0 1 , . . . , P0 k from the Candidate set (if exist)
which are satisfied by the smallest number of objects from U .
7. Set Working set:= {P0 1 , . . . , P0 k };
8. for (Pi ∈ Working set) do
Set UPi := satisf y(Pi ); if | UPi |< min support then move Pi
from Working set to the Result set
9. if (| Result set |> k or Working set is empty) then stop else
go to Step 4;

Figure 2.4: Illustration of the ”short representative association rules” algorithm.

Chapter 3

Rough Sets and Gene
Network Inference
3.1

Introduction

In this chapter I will introduce a novel approach to gene network inference,
based on the rough set methodology. The modeling relies on extracting
patterns from discretized gene expression data with a modified version of
the template lengthening strategy and on generating association rules with
the k short representative association rules algorithm from the templates.
The algorithms that are presented in this chapter are implemented in
a program called GENET 0.9. Routines for performing bootstrapping and
permutation tests are also implemented in the program. Since the algorithms
are very computationally expensive I chose to deploy GENET in Microsoft
VC++ rather than Matlab or R.
This chapter is divided into three main parts: ’Methods and Algorithms’
describes how the template lengthening strategy and the k short representative association rules algorithm have been modified and applied to time
profile gene expression data, ’Results’ shows networks obtained when testing
the method on the expression data of Spellman et al. (1998), ’Discussion’ includes a comparison with the Bayesian network and the dynamic Bayesian
network models as well as a discussion around statistical significance and
some notions about how the work can be extended, especially about how
prior biological knowledge can be included in the model.

3.2
3.2.1

Methods and Algorithms
Discretization

To apply rough set modeling, the expression data have to be discretized. Let
E denote the normalized expression data matrix. The jth element of the ith
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t

row holds the relative expression level for gene i in sample j, rij = log2 ( cijij ),
where t (= treatment) is the studied time point or condition and c is the
control. The subset of genes in E that have significantly different expression
levels relative the control in different treatments are selected1 to form a new
expression data matrix G. An information system, A = (U, A), to which the
template lengthening strategy can by applied, may be formed by transposing
and discretizing the gene expression data matrix G. Hence, objects in A will
be represented by time points or experimental conditions (hereafter referred
to as ”treatments”), whereas the attributes are tested genes (genes on the
microarray). The relative gene expression values rji (after transposing G)
are discretized into nine different categories. Each rji is assumed to be
a sample from a normal distribution with some mean, mi , and standard
deviation, σi , whose estimates, m̂i and σ̂i , can be calculated from the data
in G. The discretization cuts are chosen so that the probability for each
discretized value is the same. G is thus discretized according to

−4, rji ≤ m̂i − 1.3 · σ̂i




−3, m̂i − 1.3 · σ̂i < rji ≤ m̂i − 1.0 · σ̂i




−2, m̂i − 1.0 · σ̂i < rji ≤ m̂i − 0.5 · σ̂i




 −1, m̂i − 0.5 · σ̂i < rji ≤ m̂i − 0.15 · σ̂i
0, m̂i − 0.15 · σ̂i < rji ≤ m̂i + 0.15 · σ̂i
dji =


1, m̂i + 0.15 · σ̂i < rji ≤ m̂i + 0.5 · σ̂i





2, m̂i + 0.5 · σ̂i < rji ≤ m̂i + 1.0 · σ̂i




3, m̂i + 1.0 · σ̂i < rji ≤ m̂i + 1.3 · σ̂i


4, m̂i + 1.3 · σ̂i < rji
where dji represents the discretized value of rji . Keeping in mind that
the cut-off values are statistically rather that biologically motivated, the
discretized values can be interpreted as a gene being

−4, ’hugely underexpressed’




 −3, ’very underexpressed’
−2, ’underexpressed’
dji =


−1, ’moderately underexpressed’



0, ’unchanged’
in the treatment relative the control (analogously for the positive values).

3.2.2

Modification of the Algorithms

The Template Lengthening Strategy
In an information system A = (U, A) constructed as above, the template
lengthening strategy finds ’horizontal’ patterns like the one illustrated in
Fig. 3.1 A. Biologically this means that the gene expression profile across
1

There are several ways in which this can be done, see for example Wichert et al. (2004)
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Figure 3.1: (A.) Illustration of a template T with supportT = 3 found with
the template lengthening strategy. [g1 = gene1 , t1 = treatment1 , etc.] (B.)
Illustration of a pattern that occurs three times in the data set.
some genes (genes g1 , g2 , g4 , g5 and g6 in fig. 3.1) in a particular treatment
(say treatment t1 in Fig. 3.1 A.) is similar to the gene expression profile
across the same genes in other treatments (treatments t5 and t9 ). This information could conceivable be extracted with clustering methods, and is,
for inferring gene networks, not desirable. We want to tract more general,
’non-horizontal’ patterns (Fig. 3.1 B.) where the genes in a pattern belong to different treatments [hereafter referred to as reoccuring patterns].
To accomplish this an information system B = (U, B) is introduced and a
function shif ta is defined as a ”one step vertical shift up of an attribute
a ∈ A = (U, A), relative the other attributes2 ”. The template lengthening
strategy is then modified according to below.

Modified Template Lengthening Strategy
1. B = ∅; i := 0; k := −1; qualityT := 0; Ti = ∅
2. while(A 6= ∅)
3.
Randomly choose a attribute a ∈ A and the corresponding value
set Sa ⊂ Va such that (a ∈ Sa ) is the descriptor with higher support
than any other descriptor in a;
4. Move attribute a from A to B;
5. for j := 0 to | U | −1 do
Apply original template lengthening strategy to B;
2
For example shif tg1 applied to the information system in Fig. 3.1 B. would mean
that the dark blue descriptor after the shift is in row 10, the green descriptor in row 8,
and so on.
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Calculate qualityTj ;
if (qualityTj > qualityT )
qualityT := qualityTj ;
k = j;
shif ta ;
6. if (k 6= −1)
shif ta a k times;
else
Remove a from B;
7. endwhile
8. Return the template Tbest with maximum quality
Missing values are often present in cDNA microarray data due to bad
experimental conditions or filtering of uncertain measurements (see Fig. 3.1,
where some values are not present (NA)). The template lengthening strategy
was modified to handle missing values, which simply was done by ensuring
that a missing value never can be chosen as a descriptor in a template.
k Short Representative Association Rules
The k short representative association rules algorithm was extended to cover
the case where, in an association rule P ⇒ Q derived from a template T, it is
sufficient with only one descriptor in P to find a c-representative association
rule. The algorithm was also modified to handle the case if in step 5 there
are less than k descriptors in DESC(T \ P) and to deal with permutations
of the found association rules, as well as removing all superfluous descriptors
in P in found association rules.

3.2.3

Inference of Networks

The modified template lengthening and k short representative association
rules algorithms are run in conjunction NI times3 , where NI is a number of
the magnitude 2 · 102 or greater. Association rules with confidence higher
than or equal to 0.9 are used to build networks. Every time two genes, say
gene g1 and gene g2 , are appearing on different sides (the modified template
lengthening strategy is rerun if the generated template has length 1) of the
implication arrow in a generated association rule the interaction score between g1 and g2 is incremented with 1. Hence an interaction histogram of
the interaction scores between all possible gene tuplets can be generated.
Every interaction with an interaction score higher than a certain cut-off
3

The template lengthening and the k short representative association rules algorithms
will hereafter be referred to as the rough set inference algorithms
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Figure 3.2: Flow diagram over the presented method. Shown in parenthesis
are parameters that need to be tweaked.
value is regarded as a true interaction between two genes. The underlying idea is that a reoccurring pattern in the data represents the expression
levels of a set of interacting genes. Reoccurring patterns are perceived by
the modified template lengthening strategy and a set of interacting genes
will hence more often than noninteracting genes be incorporated in a template when applying the algorithm to an information system B = (U, B),
generated as outlined in ’Modification of the Algorithms’. Thus interacting
genes will more often than noninteracting genes appear on different sides of
association rules resulting in high interaction scores. The direction of the
’interaction arrow’ between two genes predicted to interact is determined
by what direction of the implication arrow is dominating in the association
rules containing the two genes. A direction is defined as dominating if the
implication arrow has a particular direction in more than or equal to two
thirds of the total number of association rules containing the two genes.
Otherwise the interaction is regarded as undirected.

3.2.4

Summary of Method

A schematic representation of the presented method for gene network inference is shown in Fig 3.2. Significantly differentially expressed genes are
selected with some method from the normalized gene expression data matrix
E to form a new expression data matrix G. G is transposed and the gene
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expression values are discretized. The number of discretization bins and the
cut-off values need to be decided on. The rough set inference algorithms are
run approximately 103 times. Input parameters to the inference algorithms
are k (the number of association rules to be generated) and c (the lowest
accepted confidence in an association rule). In every iteration of the inference algorithms the interaction scores between all possible combinations of
interacting genes are updated. The interaction scores are presented in an
interaction histogram. From the histogram a cut-off score is defined. An
interaction between two genes is considered valid if the interaction score between the two genes is higher than or equal to the cut-off score. The cut-off
is chosen to get a ’reasonable’ number of interactions between the genes.
What a ’reasonable’ number of interactions is, is up to the user and hence
leaves room for a certain degree of interpretation (and bias). However, recent works show that approximately 1.5 − 2 interactions per gene is common
in gene network (Rung et al., 2002).
The valid interactions are presented as directed arcs and the interacting
genes as nodes in a directed graph. The direction of an arc is determined
by what direction of the implication arrow is dominating in the association
rules containing the two interacting genes.

3.3

Results

The proposed method for gene network inference was applied to the time
profile data of Spellman et al. (1998). The data contains 76 measurements
of the gene expression of 6177 Saccharomyces cerevisiae ORFs4 . These experiments contain two short time series (two time points; cln3, clb2) aimed
to study yeasts response to galactose as well as four medium length time
series (18, 24, 17 and 14 time points; alpha, cdc15, cdc28 and elu) whose
aim was to find yeast genes whose transcript levels vary periodically within
the cell cycle. Alpha, cdc15, cdc28 and elu refer to different means of synchronizing the yeast cultures. For instance, cdc15 refers to arresting the cell
cycle by inactivating the protein CDC15. CDC15 is essential for mitosis and
sporulation and is inactivated in temperatures above 36C. The cells can be
released from the arrest by lowering the temperature, thereby ensuring a
synchronized cell culture. Spellman et al. (1998) identified 800 genes whose
expression varied over time.
The cdc15 data set was used to test the performance of the rough set
approach to gene network inference. The target network is the cell cycle
controlling pathway around cdc28 (cyclin-dependent protein kinase) stored
in the KEGG database (Kanshisa et al., 2001) [hereafter referred to as the
4

Open Reading Frame. A series of triplet codons beginning from a specific nucleotide
coding for a protein or part of a protein.
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Figure 3.3: (A.) Target network, as stored in the KEGG database. (B.)
Network inferred with the rough set approach. Black edges - correctly predicted interactions, blue edges - ’almost-correctly’ (see definition in text)
predicted interaction, red edges - incorrectly predicted interactions. Predicted interactions within shaded sections are considered correct as shaded
sections represent protein complexes. Double-arrowed edges denote undirected interactions. The numbers connected with the edges are bootstrap
estimates of the statistical significance of the predicted gene interactions.
KEGG network ]. This network was also used by Kim et al. (2003) to evaluate the performance of the Bayesian and the dynamic Bayesian network
models. It contains 14 genes, interacting as shown in Fig. 3.3 A. Shaded
regions represent genes coding for proteins that form complexes together.
Fig. 3.4 shows the average interaction score with standard error bars
for all possible interactions between the 14 genes in the target network after
running the proposed method for gene network inference ten times, each
time generating 1000 templates (NI = 1000). The interactions in Fig. 3.4
can be represented as a directed graph (Fig. 3.3 B.). An interaction is regarded as true if the interaction score is above 280 (the interaction cut-off ).
Black edges represent correctly predicted interactions, blue edges represent
a ’almost-correctly’ predicted interaction (the interaction arrow is reversed
or the edge bypasses at the most one gene), whereas red edges denote incorrectly predicted interactions. Predicted interactions within shaded sections are considered correct, since the shaded sections are protein complexes.
Double-arrowed edges denote undirected interactions. The numbers connected with the edges are bootstrap estimates of the statistical significance
of the predicted gene interactions. 100 perturbed data sets were generated
and a gene network was inferred from each of these data sets.
To test the discriminative power of the method, a network was inferred
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Figure 3.4: Average interaction score for all possible interactions between
the 14 genes in the KEGG network after running the proposed method for
gene network inference, each time generating 1000 templates.
from a set of genes containing the genes in the KEGG network and 10 genes
not belonging to the target network [hereafter called the KEGG+ data set],
randomly chosen from the 800 genes whose expression level was found to vary
with time in Spellman et al. (1998). The obtained network and interaction
histogram are shown Fig A.1 in Appendix A.
The method was also tested on a different set of genes forming a metabolic
pathway reported by DeRisi et al. (1997) [hereafter referred to as the DeRisi
network ]. This set of genes was not used while optimizing the model (i.e.
all parameter settings and cut-off values are as when the KEGG network
was inferred). The target and the inferred networks are shown in Fig. 3.5
[Fig A.2 shows the interaction histogram].

3.4
3.4.1

Discussion
Computational Cost

The inference algorithms scale according to n3 , i.e. if the size of the input
data doubles, the time to run the algorithms increase with a factor 23 = 8.
To infer networks from large data sets thus takes long time. GENET 0.9
is written in Microsoft VC++. The choice to use the Microsoft flavour of
C++ was in retrospect poor, since that excludes the possibility of running
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Figure 3.5: (A.) DeRisi et al. (1997) target network (B.) DeRisi et al. (1997)
network inferred with the rough set approach. [NB. Colour coding as descried in Fig 3.3.]
the program on LINUX or UNIX servers. Servers have much more computational power than ordinary PC’s and LINUX and UNIX are the two most
common operating systems on high-end servers.

3.4.2

Discretization

From a data mining point of view, long templates with large support are
preferred for describing patterns in data. However, in time profile gene
expression data ranging over l cell cycles, a relevant template TR is expected
to have supportTR = l · n, where n ∈ N. Hence the number of discretization
bins have to be adjusted in order to receive templates of desired support from
the modified template lengthening strategy (assuming that n is reasonably
small ∼ 2 − 4). Applying the method to the Spellman et al. (1998) data
set, nine bins seemed to be a satisfactory tradeoff between descriptive power
and adherence to the criteria above.

3.4.3

Model Evaluation

Predictive Power
The presented approach shows promising results in that it is able, after
tweaking of the parameters, to rediscover relations between genes with a
known network structure from time profile gene expression data, thus implying that the inferred networks are indicative of biological phenomena
in the data. However, further testing needs to be done to enable general
conclusions about the methods performance to be drawn. To fully assess
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Genes in KEGG network
Genes in modelled KEGG network
Missed genes
Interactions in KEGG network
Interactions in modelled KEGG network
Missed interactions
Incorrectly modelled interactions
Correctly modelled interactions
Genes in DeRisi network
Genes in modelled DeRisi network
Missed genes
Interactions in DeRisi network
Interactions in modelled DeRisi network
Missed interactions
Incorrectly modelled interactions
Correctly modelled interactions
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RS
14
14
0
19
21
6
4
16
12
12
0
14
18
4
4
14

BN
14
12
2
19
14
14
8
5
12
12
0
14
16
9
8
8

DBN
14
13
1
19
15
9
3
12
12
11
1
14
11
5
1
10

Table 3.1: Summary of the predictive power of the rough sets approach to
gene network modelling (RS), the Bayesian gene network model (BN) and
the dynamic Bayesian gene network model (DBN), expressed as the number
of correctly modelled genes and gene interactions in the KEGG and DeRisi
networks. [NB. ’Almost-correct’ (blue) edges are here counted as correct.]
Figures in the BN and DBN columns are taken from Kim et al. (2003)
.

the predictive power of the presented method, evaluation on simulated data
from a large number of networks is needed.
Judging from the experiments with the KEGG and DeRisi networks,
both the rough sets approach to gene network inference (RS) and the dynamic Bayesian network model (DBN) show better predictive performance
than the Bayesian network model (BN) (Table 3.1) [Fig. A.3 and A.4 show
the KEGG and DeRisi networks inferred by BN and DBN]. DBN is slightly
more conservative than RS, showing less incorrectly modelled interactions
but also failing to pick up more true positives than RS.
Discriminative Power
Judging from the limited testing performed, the rough sets approach to gene
network inference seems to discard irrelevant genes well (Table 3.2) [See also
Fig. A.1]. A comparison to BN and DBN models can not be made as no
information about these models discriminative power was published by Kim
et al. (2003).
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Genes in set
In KEGG pathways
In modelled network
Missed genes
Correctly excluded genes
Incorrectly incorporated genes

24
14
17
0
7
3

Table 3.2: Summary of number of correctly modelled and excluded genes
when inferring a network from the KEGG+ data set with the rough sets
method.

The three genes incorrectly incorporated into the KEGG network by
the rough sets approach to gene network inference when using the method
on the KEGG+ data set are PSA1 (functions in the mannose metabolism),
PDI1 (protein folding), and SRD1 (rRNA processing). The functions do not
imply that they should have expression patterns dependent on the genes in
the KEGG pathway. Hence, I hold it likely that the incorrectly predicted
interactions are due to coincidental regularities in the expression patterns
between PSA1, PDI1, SRD1 and the genes in the KEGG pathway.
Consistency
The underdetermined nature of the problem of gene network inference is an
important cause of inconsistency in the inferred networks. The posterior
probability is similar for several network structures rather than being dominated by a single model. A genetic network is said to be inconsistent if
multiple networks can be inferred from the same expression data (Wessels
et al., 2001).
The rough sets approach infer different networks if different gene tuplets
receive interaction scores above the interaction cut-off when the inference
method is run several time on the same data set. From each data set a finite
number of network structures can be inferred. Running the inference method
several times on the same data set, the probability for each network structure
can be estimated, assuming that each interaction score is sampled from a
normal distributed with some mean and standard deviation (Fig. 3.4). The
network structure in Fig. 3.3 B. is according to ten runs of the rough set
approach to gene network inference the model that best fits the data. The
probability estimate P̃M , derived from Fig. 3.4 for the model in Fig. 3.3
B. is approximately 0.05, i.e. if the rough sets approach for gene network
inference is run a 100 times on the cdc15-synchronized time profile data
obtained by Spellman et al. (1998) for the 14 genes in the KEGG network,
exactly the network in Fig. 3.3 B. will be predicted 5 times. However,
rerunning the method on the same data is very likely to result in a very
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similar network structure as the one in Fig. 3.4.

3.4.4

Statistical Analysis

Bootstrap Test
The bootstrapped confidence estimates in Fig. 3.3 seem low compared to
the similar tests performed by Friedman et al. (2000), where several network
features had an estimated confidence in the interval 0.8 − 0.9. Bootstrap
estimates are method specific and the low obtained confidence estimates
for the rough sets approach to gene network inference might be a reflection
of the inconsistency in the method. A permutation test can be used to
test the credibility of the estimated confidence levels. Significantly lower
obtained confidence estimates in the permutation test would indicate that
the predicted interactions reflect real network features. Routines to perform
permutation tests are implemented in GENET 0.9. However, the matrix
handling package used by GENET 0.9 is leaking memory. A permutation
test to assess the credibility of the bootstrapped confidence estimates could
thus not been performed.
Degree of Overfitting
There are a few parameters in the rough sets approach to gene network inference that can be fine tuned to potentially cause overfitting; the number
of bins and the cut-off values during discretization, k and c in the inference algorithms, the interaction score cut-off and definition of ’dominating’
direction when deciding arc direction.
When choosing the number of bins during discretization, the received
support for generated templates should be evaluated according to the discussion under the section ’Discretization’ above. The number of bins will
(probably) need to be slightly adjusted when using the method on new data.
It is reasonable to let the discretization cut-offs be set to induce equal probability for each bin.
k can conceivably be set to any value, it should only affect absolute interaction scores, whereas the interaction scores relative each other should
remain roughly the same. Alternatively, all association rules can be computed during every iteration of the inference algorithms, thus making k
obsolete. However, that will have the effect that iterations of the inference algorithms generating many association rules will affect the interaction
scores more than iterations generating few association rules, thus potentially
introducing a bias. Changing c should analogously mainly affect the absolute interaction scores (if k is kept fixed, the effect of changing c should be
very small).
The cut-off value for when an interaction is considered valid affects the
connectivity of the network. It is left up to the user of GENET 0.9 or the
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interpreter of the results to decide on a reasonable cut-off. However, GENET
0.9 could be modified to recommend a cut-off (for example the cut-off could
be set so that the number of interactions between the genes is 1.5 times the
number of genes in the data set).
The rough sets approach to gene network inference predicts many correct interaction in the DeRisi network, implying that the method works on
unseen data. It is however important to emphasize that very limited testing
has been done. Moreover, the DeRisi and the KEGG data seta are correlated, since they come from the same experiment, done by the same person
in the same microarray facility. So, despite the DeRisi data set not being
used while training the model, the method is expected to perform better on
this data set than ’completely new’ data. To really be able to assess the
degree of overfitting more testing on unseen data needs to be done. Robustness analysis can also be performed in order to determine how sensitive the
method is to altering parameters. A high sensitivity implies a greater risk
for overfitting. Testing the method on simulated data with exactly known
dependencies between the genes, degree of noise etc would be an auspicious
way of assessing not only the degree of overfitting, but also the confidence in
inferred network features as well as the methods ability to deal with noisy
data.

3.4.5

Future Work

The presented work is one step towards a gene network inference model
based on the rough set formalism. However, much remains to be done. More
testing is needed; both on data sets containing more genes and more time
points (for example by adding the cdc15, cdc28, elu, and alpha time profile
data sets produced by Spellman et al. (1998)). Obviously, adding more time
points is likely to improve the performance of the method, whereas adding
more genes will make it harder for the model to correctly infer network features. A more extensive statistical analysis is also required, e.g. robustness
analysis and permutation test. Encouraging results were obtained on the
two sample networks the method was tested on. However, to fully evaluate
robustness, degree of overfitting and confidence in inferred network features
and draw general conclusions about the methods performance, testing on a
wide range of (simulated) networks needs to be done.
Predicting interactions between genes in the rough set approach to gene
network inference relies on the mathematical notion of optimal or almostoptimal association rules, i.e. short c-representative association rules. However, despite the presented promising results, biology might not adhere to
mathematical definitions. It would therefore be interesting to modify the
presented method in order to (in some degree) side-step the assumption that
biology follows mathematics. Instead of running the k short representative
association rule algorithm after each run of the modified template lengthen-
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ing strategy in order to predict interaction, the built-in time causality in the
generated templates can be used. Every time a certain gene tuple occurs in a
template the interaction score is incremented with one. The direction of the
interaction is then always predicted to be from early to late. For instance,
if gene gm hugely underexpressed in time point i, and gene gn moderately
overexpressed in time point j, where i < j, receives a high interaction score,
an arc is predicted from gm to gn .
An appealing feature in the proposed approach to gene network inference
is that the k short representative association rule algorithm handles the noisy
nature of microarray data well, since the minimal tolerated confidence in an
extracte rule can be set as a parameter. However, the template lengthening
strategy could be modified to handle noise better by introducing a certain
’sloppiness’ in the algorithm. For example, supportTi for a template T
in iteration i could be allowed to be incremented by one even if, say, one
descriptor in the template is not supported by a certain object (but all other
descriptors are). Consequently noise can better be dealt with.
Inferring gene networks is a highly underdetermined problem. To guide
the model to find relevant networks, biological knowledge need to be incorporated. The rough sets approach to gene network inference introduces
several ways in which this can be done. For instance; the interaction score
for a certain gene tuplet can be multiplied by a scoring function, increasing the interaction score if the genes are known to be involved in the same
cellular process. One way of defining such a scoring function would be
scoreij = γ ·

1
distance0ij

0 biological

where γ is a parameter and ’biological distance’ is a measure of how closely
related genes i and j are. One way of estimating ’biological distance’ is
the distance in the Gene Ontology database between genes i and j. Gene
Ontology is a directed acyclic graph (DAG) GO = (V, F ), where V is a set
of protein function descriptions and F is a binary relation on V such that
proteins with functions described by vl are a subset of proteins with functions
described by vk if and only if there exists a path (vk , vk+1 , . . . , vl−1 , vl ) such
that (vm−1 , vm ) ∈ F for m = k + 1, k + 2, . . . , l − 1, l (The Gene Ontology
Consortium, 2000).

3.5

Ending Words

In this work I have presented a novel approach for inference of gene networks from microarray data. The approach builds on rough set methods for
template extraction and association rule generation. Although the method
yet only have been applied to small data sets, it shows promising results
in that it extracts many biologically relevant relations between genes in the
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data set and that it discards irrelevant genes well. In this thesis, the rough
sets approach to gene network inference has only been applied to cDNA
microarray time profile data. However, the method is general and can easily
be modified to fit other types of data. I have also given some ideas for future
research and improvements of the method.

Bibliography
Ausiello, G., Crescenzi, P., Gambosi, G., Kann, V., Marchetti-Spaccamela,
A., and Protasi, M. (1999). Complexity and Approximation, Springer Verlag.
Benton, B. K., Tinkelenberg, A. H., Jean, D., Plump, S. D., and Cross, F. R.
(1993). Genetic Analysis of Cln/CDC28 Regulation of Cell Morphogenesis
in Budding Yeast. The EMBO Journal, 12, 5267-5275.
Chen, K. C., Csikasz-Nagy, A., Gyorffy, B., Val, J., Novak, B., and Tyson,
J.J. (2000). Kinetic Analysis of a Molecular Model of the Budding Yeast
Cell Cycle. Molecular Biology of the Cell, 11, 389-391.
DeRisi, J., Lyer, V. R., and Brown, P. O. (1997). Exploring the Metabolic
and Gene Control of Gene Expression on a Genomic Scale. Science, 278
680-686.
D’haeseleer, P., Liang, S., and Somogyi, R. (2000). Genetic Network Inference: from Co-expression Clustering to Reverse Engineering. Bioinformatics, 16, 707-726.
D’haeseleer, P., Wen, X., Fuhrman, S., and Somogyi, R. (1999). Linear Modeling of mRNA Expression Levels During CNS Development and Injury.
Pacific Symposium on Biocomputing ’99, 41-52.
Efron, B., and Tibshirani, J. R. (1993). An Introduction to the Bootstrap.
Chapman and Hall, New York.
Friedman, N., Goldszmidt, M., and Wyner, A. (1999). Data Analysis with
Bayesian Networks: A Bootstrap Approach. In Proc. Fifteenth Conference
on Uncertainty in Artificial Intelligence, 206-215. Springer Verlag.
Friedman, N., Linial, M., Nachman, I., and Pe’er, D. (2000). Using Bayesian
Networks to Analyze Expression Data. Journal of Computational Biology,
7, 601-620.
Heckerman, D., Geiger, D., and Chickering, D. M. (1995). Learning Bayesian
Networks: The Combination of Knowledge and Statistical Data. Machine
Learning, 20, 197-243.
38

BIBLIOGRAPHY

39

Hvidsten, T. R., Laegreid, A., and Komorowski, J. (2003). Learning RuleBased Models of Biological Process from Gene Expression Time Profiles
Using Gene Ontology. Bioinformatics, 19, 1-8.
Jenssen, T-K., Laegreid, A., Komorowski, J., and Hovig, E. (2001). A Literature Network of Human Genes for High-Throughput Analysis of Gene
Expression. Nature Genetics, 28, 21-28.
Kanshisa, M., Goto, S., Kawashima, S., and Nakaya, A. (2001). The KEGG
databases at GenomeNet. Nucleic Acid Research, 30, 42-46.
Kim, S., Imoto, S., and Miyano, S. (2003). Dynamic Bayesian Network and
Nonparametric Regression for Nonlinear Modeling of Gene Networks from
Time Series Gene Expression Data. In Proc. Computational Methods in
Systems Biology, Lecture Notes in Computer Science, 104-113. Springer
Verlag.
Komorowski, J., Polkowski L., and Skowron, A. (1998). Rough Sets: a Tutorial. In Pal, S. K. and Skowron, A., editors, Rough-Fuzzy Hybridization:
A New Method for Decision Making, 1-97. Springer Verlag.
MacQueen, J. (1967) Some Methods for Classification and Analysis of Multivariate Observations. In Le Cam, L., M., and Nyeman, J., editors, Proceedings of the Fifth Berkeley Symposium on Mathematical Statistics and
Probability, 23-31. University of California Press.
McAdams, H. H., and Arkin, A. (1997). Stochastic mechanisms in gene
expression. Proceedings of the National Academy of Sciences, 94, 814-819.
Murphy, D. (2002). Gene Expression Studies Using Microarrays: Principles,
Problems, and Prospects. Advances in Physiology Education, 26, 256-270.
Murphy, K. and Mian, S. (1999). Modelling Gene Expression Data Using
Dynamic Bayesian Networks. Technical report, University of California,
Berkely.
Nguyen, H. S. and Nguyen, S. H. (1999). Rough Sets and Association Rule
Generation. Fundamenta Informaticae, 34, 1-23.
Nguyen, S. H., Skowron, A., and Synak, P. (1998). Discovery of Data Pattern with Applications to Decomposition and Classification Problems. In
Polkowski, L. and Skowron, A., editors, Rough Sets in Knowledge Discovery, 55-97. Physica-Verlag, Heidelberg.
Pawlak, Z. (1981). Rough Sets. International Journal of Information and
Computer Science, 11, 341-356.

BIBLIOGRAPHY

40

Rung, J., Schlitt, T., Brazma, A., Freivalds, K., and Vilo, J. (2002). Building
and Analysing Genome-Wide Gene Disruption Networks. Bioinformatics,
18, 202-210.
Skowron, A., and Nguyen, H.S. (1999) Discovery of Data Pattern with Applications to Decomposition and Classification Problems. In Zytkow, J.M.,
and Rauch, J., editors, Proceedings of the Third European Symposium on
Principles and Practice of Knowledge Discovery in Databases, 107-115.
Springer Verlag.
Somogyi, R., Fuhrman, S., Askenazi, M., and Wuensche, A. (1997). The
Gene Expression Matrix: Towards the Extraction of Genetic Network
Architectures. In Lakshmikantham, V., editor, Nonlinear Analysis, 18151824. Elsevier Science.
Somogyi, R., and Sniegoski, C. (1996) Modeling the Complexity of Genetic
Networks. Complexity, 1, 45-63.
Spellman, P. T., Sherlock, G., Zhang, M. Q., Iyer, V. R., Anders, K., Eisen,
M. B., Brown, P. O., Botstein, D., and Futcher, B. A. (1998). Comprehensive Identification of Cell Cycleregulated Genes of the Yeast Saccharomyces cerevisiae by Microarray Hybridization. Molecular Biology of the
Cell, 9, 3273-3297.
Stephenson, T. A. (2000). An Introduction to Bayesian Network Theory and
Usage. Technical report, Dalle Molle Institute for Perceptual Artificial
Intelligence.
Tavazoie, S., Hughes, J. D., Campbell, M. J., Cho, R.J., and Church, G.
M. (1999). Systematic Determination of Genetic Network Architecture.
Nature Genetics, 22, 281-285.
The Gene Ontology Consortium. (2000). Gene Ontology: Tool for the Unification of Biology. Nature Genetics, 25, 25-29.
Vohradsky, J. (2001). Neural Model of the Genetic Network. The Journal of
Biological Chemistry, 276, 36168-36173.
Wessels, L. F. A., Van Someren, E. P., and Reinders, M. J. T. (2001). A
Comparison of Genetic Network Models. Pacific Symposium of Biocomputing, 508-519.
Wichert, S., Fokianos, K., and Strimmer, K. (2004). Identifying Periodically
Expressed Transcripts in Microarray Time Series Data. Bioinformatics,
20, 5-20.
Yang, Y. H., Dudoit, S., Luu, P., Speed, T.P. (2001). Normalization for
cDNA Microarray Data. Technical report, Berkely University.

Appendix A

A.1

Additional Results and Figures

Figure A.1: Network inferred with the rough set approach from a set of
genes containing the genes involved in the KEGG network and 10 genes not
belonging to the network. [NB. Colour coding as descried in Fig 3.3.]
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Figure A.2: Average interaction score for all possible interactions between
the 12 genes in the DeRisi target pathway after running the inference algorithms ten times, each time generating 1000 templates.

Figure A.3: (A.) The KEGG network predicted using the Bayesian network
(BN) model. (B.) The KEGG network predicted using the dynamic Bayesian
network (DBN) model. Both networks as predicted in Kim et al. (2003).
[NB. Colour coding as descried in Fig 3.3.]

A.1. Additional Results and Figures

43

Figure A.4: (A.) The DeRisi et al. (1997) network predicted using the
Bayesian network (BN) model. (B.) The DeRisi et al. (1997) network predicted using the dynamic Bayesian network (DBN) model. Both networks
as predicted in Kim et al. (2003). [NB. Colour coding as descried in Fig
3.3.]

Figure A.5: Average interaction score for all possible interactions between
the 14 genes in the target pathway after running the inference algorithms
ten times, each time generating 200 templates.

