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Abstract:

Modeling cell-biological processes as a network of interconnected modules instead of 
individual biochemical reactions and indentifying these modules with the help of gene 
expression data is an essential research topic in bioinformatics. A recent approach to improve 
identification of the modules is to merge network-based biological information with high- 
throughput gene expression measurements.

In this thesis a method was devised to use metabolic pathways presented in generic BioPAX 
level 2 format to guide the analysis of transcriptional responses. The pathway data was used 
to construct a large network of interconnected biological features and to deduce the expected 
correlation of the features. The information was used to guide the genome-wide analysis of 
cancer-associated transcriptional responses with NetResponse algorithm. Exploratory factor 
analysis was used to model coherent transcriptional responses between the features.

DNA microarray measurements of 191 uterine carcinoma samples and four control samples 
were analyzed. The method was able to find many coherently expressed groups of biological 
features that showed statistically significant differential expression between cancer and 
control samples and between cancer subtypes.
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Tiivistelmä:

Solubiologisten prosessien kuvaaminen toisiinsa liittyvinä dynaamisina moduuleina 
yksittäisten biokemiallisten reaktioiden sijaan ja näiden moduulien tunnistaminen 
geeniekspression perusteella on olennainen tutkimuskohde bioinformatiikan alalla. Erilaisia 
verkkomuotoisia biologisia lähdeaineistoja voidaan käyttää apuna moduulien 
tunnistamisessa.

Tässä diplomityössä toteutettiin menetelmä BioPAX level 2 -muodossa kuvattujen 
metaboliareittien hyödyntämiseen geeniekspression tutkimuksessa. Metaboliareittitietojen 
avulla koottiin laaja verkko solubiologisista toiminnoista sekä mallinnettiin toimintojen 
välillä odotettua vuorovaikutusta. Näitä tietoja käytettiin yhdessä NetResponse-algoritmin 
kanssa yhdenmukaisesti toimivien ryhmien tunnistamiseen geeniekspressioaineistosta. 
Yhdenmukaisesti ilmentyvät moduulit tunnistettiin faktorianalyysin avulla.

Menetelmän avulla tutkittiin 191 kohtusyöpänäytteen ja neljän vertailunäytteen 
geenisirumittauksista koottua aineistoa. Aineistosta tunnistettiin useita solubiologisten 
toimintojen kokonaisuuksia, joiden geeniekspressio poikkesi yhdenmukaisesti 
syöpänäytteiden ja vertailunäytteiden sekä syövän eri alatyyppien välillä.
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Chapter 1 

Introduction

Life on a cellular level can be described as a large group of pathways that de
scribe biochemical reactions, catalysis of these reactions, signaling that either 
induces or represses these reactions and by other similar interactions. Large 
number of pathways and biochemical reactions are known but the relations be
tween them and significance in different biological conditions remains unclear. 
Individual pathways and reactions are far from independent. In addition to 
understanding how a pathway statically works it is important to understand 
how it participates in interactions with other processes and in which biologi
cal conditions the pathway is significant. In reality the small-scale reactions 
form functional modules and supermodules and studying them has been an 
important topic in recent years [Hartwell et ah, 1999].

The human genome dictates all the processes a cell can perform, but not all 
cells are similar. Different processes are active in different types of cells and 
there are different genes controlling these processes. Gene expression is the 
process in which the information in the gene translates to biological activity. 
In the last decade inexpensive DNA microarray technology has dramatically in
creased the availability of gene expression data [Schulze and Downward, 2001].

One of the recent trends in analyzing gene expression is to use prior knowl
edge of biological networks to guide the analysis of high-throughput gene ex
pression measurements. For example new SPIA method [Tarca et ah, 2009, 
Draghici et ah, 2007] has been found to have better specificity and more sensi
tivity than other gene expression analysis methods that did not utilize pathway
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CHAPTER 1. INTRODUCTION 2

interaction data. Different types of networks have been used varying from lists 
of protein-protein complexes to large signaling pathways that are available in 
for example in KEGG database [Ogata et ah, 1999]. It has been also shown in 
older studies that biological knowledge described as graphs can and should be 
used to guide gene expression analysis [Aittokallio and Schwikowski, 2006].

Supervised algorithms have still been suffering from varying quality of train
ing data and the knowledge embedded in various biological networks about how 
various genes interact with each other remains largely unexploited [Tarca et ah, 
2009]. One of the latest algorithms for organism-wide discovery and analysis 
of transcriptional responses in interaction networks is NetResponse by Lahti 
et al. [2010].

Factor analysis [Gelman, 2003] is a well known method in statistical infer
ence, most widely used in field of psychometrics [Jöreskog, 1969, Lee, 1981]. It 
is a latent variable model that describes complex empirical results with smaller 
number of underlying factors. Primary motivation for using factor analysis as 
the statistical model in this thesis is that it allows adding prior knowledge of 
the network to the cost function in NetResponse algorithm. Second motivation 
is to experiment if the factor analysis model can explain the transcriptional 
responses as well as Gaussian mixture model currently used in NetResponse.

Successful use of pathway data in this sense will be one step further in 
translating high-throughput gene expression data into biological knowledge.

1.1 Purpose of this thesis

The purpose of this thesis is to combine knowledge of biological pathways with 
gene expression data in a systems biological level. It is studied if it is possible 
to find coherently expressed functional entities in a set of cancer tissue samples, 
while using curated pathway data as a guide.

A method is developed to construct a graph of genetic interactions based 
on metabolic pathways presented in generic Bio PAX level 2 format. Curated 
Reactome database [Matthews et ah, 2009a] of biological pathways is used as 
the source of BioPAX data. The constructed graph is then used to guide 
the search of coherently expressed feature clusters in a gene expression atlas.
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GSE2109 atlas of Gene Expression Omnibus [Barrett et al., 2009] that contains 
2185 cancer tissue samples is used as the source for the gene expression data.

The method for searching coherently expressed clusters is NetResponse al
gorithm with factor analysis model. The complex pathway data is used for two 
purposes. First, the genes that belong to individual named metabolic path
ways or protein complexes are grouped together and single expression profile 
is calculated for each of these entities, called nodes. Second, the interactions 
between nodes are deduced from the pathway database and these interactions 
are used to guide the gene expression analysis. Thus, a new method for su
pervised analysis of transcriptional responses is created by combining some 
existing methods.

1.2 Structure of the report

In addition to this introduction, the biological context and mathematical back
ground are laid out in chapter 2. The methods developed for solving the prob
lem are presented in chapter 3 and the result in chapter 4. The report ends 
with discussion and conclusions in the last two chapters.



Chapter 2

Background

2.1 Biological context

2.1.1 Microarray experiments

The process of converting genetic information to proteins in the cell consists of 
transcription and translation. The gene is transcribed to an mRNA molecule 
that is translated to a protein. DNA microarrays measure the levels of mRNA 
molecules in the cell simultaneously for the whole genome [Schena et ah, 1995]. 
The measured mRNA levels are the transcriptional responses of genes and they 
describe how active the particular genes and the related biological processes 
are in the cell. The oligonucleotide microarrays contain a large number of syn
thesized probes that are sensitive to different mRNA molecules. The amount 
of mRNA in the sample is seen by the color of the probe when the microarray 
is scanned and analyzed.

In the last decade inexpensive DNA microarray technology has dramatically 
increased the availability of gene expression data. Because of the sheer amount 
of data that is available, extracting biologically relevant knowledge from the 
gene expression data is hard without using systems biological methods [Schulze 
and Downward, 2001].

The development of new computational methods for analyzing the high- 
throughput data is active. The task is difficult because of high levels of noise 
in raw data and large number of tests to be conducted. There are tens of biclus-
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CHAPTER 2. BACKGROUND 5

tering algorithms available that try to divide the matrix of gene expressions to 
submatrices that have similar rows and columns [Madeira and Oliveira, 2004]. 
More recent machine learning methods for analysing high-throughput data in
clude for example family of Gene Set Enrichment Analysis (GSEA) functions 
[Subramanian et ah, 2005]. The SPIA method by Tarca et al. [2009], Draghici 
et al. [2007] and MATISSE toolset [Ulitsky and Shamir, 2007] have included 
prior network data to guide the analysis with promising results.

2.1.2 Modular approach

Ten years ago Hartwell et al. [1999] concluded that instead of trying to re
duce the study of biological systems to study of biochemical reactions, that 
has been the historical approach, larger modules should be explored. This is 
because modules and modular interactions are the key in understanding bio
logical processes as well as understanding the evolutionary basis of different 
observed phenomena.

Recently Alexander et al. [2009] suggested that to better understand the be
havior of functional modules even time series of gene expression measurements 
are needed. They state that biological processes behind observed in transcrip
tional responses are often unknown as are the more complex modules that 
the better known static pathways form under specific biological conditions. 
Modules also tend to form supermodules, that are not necessarily static. The 
components can interact in various different ways in different conditions.

High throughput gene expression measurements are the key tool in under
standing the modular interactions. It has been shown, for example by Jansen 
et al. [2002], that genes relating to the same protein-protein interactions dis
play uniform transcriptional response. Tarca et al. [2009] use insulin pathway 
as an example of pathway that is completely shut off if single insulin receptor is 
not present, which is also observed in gene expressions related to the pathway.

2.1.3 Classifying cancer based on gene expression

For many tumors medically significant subclasses are believed to exists but 
have not been fully identified. Improving the classification of tumors is im-
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portant in maximizing efficacy of cancer therapies that usually are specific to 
different tumor types. Methods for analytic class prediction of cancer tissue 
samples based on microarray data has been available for about ten years [Golub 
et ah, 1999].

It is known that there are differences in gene expression between healthy and 
cancer cells and diagnostic tests can be built to recognize cancer types with 
high level on confidence. Strongly differential expression profiles have been 
identified in individual genes [Wang et ah, 2007].

2.2 Cancer gene expression data

The gene expression data used in this thesis combines two gene expression at
lases from Gene Expression Omnibus (GEO) [Edgar et ah, 2002, Barrett et ah, 
2009]: Atlas of 2185 cancer tissue accessions GSE2109 and atlas GSE3526 of 
353 healthy tissue accessions. The data sets are in situ oligonucleotide mea
surements carried out with commercial Asymetrix Human Genome U133 Plus 
2.0 (HG-U133_Plus_2) microarray. Together these data sets contain measure
ments of 17788 genes by 2667 tissue samples.

The HG-U133_Plus_2 chip contains more than 50000 probes that are sensi
tive to mRNA sequences that correspond 17788 genes in human genome. The 
expression data that is used in this thesis has been pre-processed using Robust 
Probabilistic Averaging method by Lahti et ah [2009]. There is one expression 
measurement for each gene and the values present log2 fold-change compared 
to reference sample. One random chip of the 2667 chips has been selected as 
the reference.

Each microarray in Gene Expression Omnibus is named with short unique 
textual identifier, for example GSM102425 is an identifier for a tissue sample of 
uterine adenocarcinoma. These identifiers are the column names in the source 
data matrix. The row names are Entrez GenelDs of the genes. Entrez is a 
search engine for biological and medical knowledge and Entrez GenelDs are 
widely used portable names for genes [Ent, 2010].
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2.3 Pathway data

To help utilizing the knowledge embedded in biological pathways they have 
been stored and are available in numerous freely available databases. Today, 
there are over 200 internet-accessible databases that store biological path
way data and most of them have their on data representation convention 
and data access methods. Combining data from different data sources is 
becoming increasingly important specially for systems biological studies and 
many databases are exporting their records in universal formats, like BioPAX 
[Stromback and Lambrix, 2005].

2.3.1 Reactome

Biological pathway data used in this thesis is retrieved from Reactome, that is 
curated, open-source database of biological pathways [Matthews et ak, 2009b], 
Reactome has made its contents available in many different data exchange 
formats, including BioPAX level 2 [Bio, 2010b] that was used in this thesis. 
BioPAX level 2 distributions of Reactome data are divided in different packages 
by organism.

Reactome is chosen as the source for biological pathway data because its 
contents are available in BioPAX format and because of its rather large size 
and good reliability as a curated database. Homo sapiens data retrieved on 
December 6th 2009 is used in the experiments.

2.3.2 BioPAX level 2

BioPAX is a an exchange language for biological pathways. It attempts to 
solve the problem of combining similar biological pathway data from different 
data sources by defining a generic data exchange format.

The first version of the language, BioPAX Level 1, Version 1, was released in 
July 2004 and BioPAX level 2 in October following year. Level 2 was extended 
to cover molecular interactions, protein post-translational modifications and 
hierarchical pathways in addition to simple metabolic pathways covered by 
language level 1. Level 2 is backwards compatible with level 1.
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As writing this the next level of the language, BioPAX Level 3, is under 
development and release candidate versions are available. BioPAX level 3 will 
cover signalling pathways, gene regulation and genetic interactions, that are 
the main interest in this thesis. The structured pathway data of Reactome 
database has just been released in BioPAX level 3 format. BioPAX level 3 
extends level 2, but semantics of some classes in level 3 have changed and the 
changes are not backwards compatible [Bio, 2010b], BioPAX level 2 represen
tation of pathway data is used in this thesis.

Technical description

BioPAX level 2 is a class hierarchy that defines object oriented presentation 
format of biological pathway data. The core class in BioPAX level 2 model 
is Metabolic Pathway, a pathway that can consist of other pathways and bio
chemical reactions in which enzymes convert reactants to reaction products. 
A BioPAX pathway can also contain references to itself forming a recursive 
pathway. BioPAX defines 18 classes in main class hierarchy and 22 classes in 
utility class hierarchy for describing the data. The classes in main hierarchy 
describe different kinds of physical entities (for example Protein) and interac
tions (for example Catalysis) in addition to pathways. The utility hierarchy 
defines classes for describing different kinds of cross references and ancillary 
data and it defines classes that are used to link objects of the main class hier
archy together. The BioPAX level 2 main class hierarchy is presented in figure 
2.1.

The relations between different classes can be complex. For example Path
way objects cannot contain any direct references to Protein instances. Instead 
they contain references Pathway Step utility class objects that in turn contain 
STEP-INTERACTIONS type references to Interaction objects. Interaction 
object in turn can contain Physical Entity Participant instances that can have 
references to actual physical entity, like Protein. By following this kind of 
paths, list of proteins that are related to given pathways can be built.

A network of genes has to be built from BioPAX level 2 data to be combined 
with gene expression measurements. However, BioPAX level 2 format does 
not contain any direct information on genes or any signaling pathways, but it
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Physical Entity

^—I Complex Assembly

(Transport With Biochemical Reaction

Modulation

Physical Interaction

INTERACTION-TYPE: <Open Controlled Vocab.>

ORGANISM:
SEQUENCE:

<Bio Source> 
<string>

ORGANISM:
SEQUENCE:

<BioSource>
<string>

Complex

ORGANISM:
COMPONENTS:

<Bio Source>
<Physical Entity Participant>

ORGANISM:
SEQUENCE:

Protein

<Bio Source> 
<string>

DIRECTION:
COFACTOR:

Catalysis

<Physical Entity Participant>

Conversion

SPONTANEOUS:
RIGHT:
LEFT:

<Physical Entity Participant 
<Physical Entity Participant>

CHEMICAL-FORMULA:
MOLECULAR-WEIGHT:
STRUCTURE:

Small Molecule

<string>
<double>
<string>

EVIDENCE:

Interaction

PARTICIPANTS: <Entity>
<Physical Entity Participant> 
<Evidence>

CONTROL-TYPE:
CONTROLLER:
CONTROLLED:

Control

<string>
<Physical Entity Participant 
<lnteraction>,
<Pathway>

EC-NUMBER:
DELTA-S:
DELTA-H:
DELTA-G:
KEQ:

Biochemical Reaction

<string>
<double>
<double>
<Delta G Prime 0> 
<K Prime>

ORGANISM:
EVIDENCE:
PATHWAY-COMPONENTS: <lnteraction>, 

<Pathway>, 
<Pathway Step>

Pathway

<Bio Source>

NAME:
SHORT-NAME:
SYNONYMS:
AVAILABILITY:
COMMENT:
DATA-SOURCE:

<string>
<string>
<string>
<string>
<string>
<BioSource>

Figure 2.1 — BioPAX level 2 main class hierarchy presented in UML notation.
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does contain information on proteins. Since the purpose of DNA microarray 
measurements is to measure the level of transcriptional responses of protein 
coding genes, the proteins of the network are directly mapped to genes that 
contain the genetic code for them.
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2.4 Factor Analysis

2.4.1 Bayesian inference

Maximum likelihood factor analysis and agglomerative subnetwork detection 
in NetResponse algorithm, the two key concepts in this thesis, are based on 
Bayesian inference [Gelman et ah, 2003]. Bayesian inference is a method of 
statistical inference based on Bayes’ theorem and applied in this thesis to latent 
variable model such that posterior probability of model parameters is

P(9\Y) = P(Y\6)P(0)
P(Y) (2.1)

in which P(Y\0) is the likelihood function of observed data, given model pa
rameters 0, P(9) is the prior distribution and P(Y) is the marginal likelihood 
of the observed data. In Bayesian data analysis the marginal likelihood is 
written

P(Y) = f P{Y\9)P(9)d9 (2.2)

2.4.2 Factor analysis model

Factor analysis is a dimension reduction method that presents measured data 
with number of principal factors. The two main variations are confirmatory 
factor analysis for validating a model and exploratory factor analysis for con
structing a model that best describes the observations [Jöreskog, 1969].

In factor analysis there are p random variables, each variable corresponding 
one feature of the original data. For each variable there are n samples, one 
for each different condition. The aim is to present the p variables as linear 
combination of q < p independent factors that describe the data.

The basic assumption in factor analysis is that the observed data Y can be 
presented as a linear combination of independent latent factors Z

Y = ßZ + e (2.3)

ß is the n x q factor loading matrix and e the residual error. The compo
nents of Z are assumed i.i.d and to follow normal distribution. The error e is
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also assumed normally distributed. The key assumption is that variables are 
independent, given the factor loading matrix [Rubin and Thayer, 1982].

In this thesis one-dimensional model is used, q = 1, making Z and ß vectors.

2.4.3 Estimating model parameters

Expectation maximization algorithm presented by Rubin and Thayer [1982] is 
used to estimate the model parameters. The method is an example of maxi
mum likelihood factor analysis, or maximum likelihood factoring (MLF), that 
is an application of probabilistic factor analysis in which free parameters of fac
tor analysis model are estimated using maximum likelihood method. The MLF 
algorithm corresponds the chi-square goodness-of-fit test [Jöreskog, 1969].

The log-likelihood function LL to maximize (given by Rubin and Thayer 
[1982]) is the logarithm of the marginal likelihood (eq. 2.2) with the latent 
variable Z marginalized out as a nuisance parameter [Lee, 1981].

LL(t\ /3, R) = ~ det(r2 + ßTRß) - ~ tr[Суу(т2 + /FR/?)"1] (2.4)

Here ß is the factor loading matrix and r2 is the residual covariance matrix, 
that are the parameters to be estimated. R is the variance of Z that is assumed 
identity matrix for exploratory factor analysis and Cyy is the sample covariance 
of the source data Y.

In the calculations it is possible that the estimated covariance Cyy is some
times singular. In these cases the nearest positive-semidefinite matrix is cal
culated with process described by Higham [2002].

2.5 NetResponse algorithm

The key experiments in this thesis are conducted with NetResponse algorithm 
by Lahti et al. [2010]. The purpose of NetResponse is to reveal coherently 
expressed groups of features from genome-wide data. These detected subnet
works of features can be both shared or unique between different conditions 
and they can reveal previously unknown biological processes behind them and
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help to understand how known processes assemble into larger modules [Lahti 
et ah, 2010].

In NetResponse, the transcriptional response data is presented in a matrix 
of n features by m conditions and there is adjacency matrix of features that 
limits the search of coherent subnetworks to neighboring features. Two kinds 
of features are studied in this thesis: transcriptional responses of individual 
genes and context specific transcriptional responses that are created by merging 
responses of related genes to one-dimensional value.

The statistical model in standard NetResponse is a Gaussian mixture model, 
in which the subnetwork n being modeled is assumed to have coherent expres
sion and to have unknown latent physiological states r 6 R(n), each state 
having its own transcriptional signature sr. The gene expression x of each 
subnetwork then is

R

(2.5)
r=l

2.5.1 Description of algorithm

The starting point for merging coherently expressed features is large connected 
network of features that have expression profiles over set of conditions. The 
initial step of NetResponse is that each feature is placed in a singleton subnet, 
a statistical model is fitted to the expression profile, and likelihood that the 
model explains the expression profile is calculated. Then the algorithm pro
ceeds by fitting the model to each connected pair of features and combining the 
pair that is best explained by single model. The newly formed subnet of two 
features then replaces its components in the network and new likelihood values 
for the new subnet and its neighbors are calculated. The algorithm then con
tinues to combine the subnets that can be explained by the same model as long 
as combining groups improves the likelihood of the whole model. This process 
is described as agglomerative approximation for searching locally independent 
subnetworks by Lahti et al. [2010].

To avoid overfitting as subnets are merged and the model complexity grows, 
Bayesian information criterion (BIG) is used to penalize the increasing com
plexity [Gelman et ah, 2003]. With BIG the cost function for subnetwork n
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is

C (n) = q log(JV) - 2 L (2.6)

where q is the number of free parameters in the model, N is the sample size 
and L is the marginal log-likelihood of the statistical model explaining the gene 
expression in the subnet. In standard NetResponse this is the log-likelihood of 
mixture model explaining the data that is approximated by variational Dirich- 
let process implementation by Kurihara et al. [2007].

One of the key points in NetResponse algorithm is the use of adjacency 
matrix between the features to limit the creation of subnets. This improves the 
scalability of the algorithm because with fully connected network the number 
of required comparisons grows quadratically with the number of features on 
each step of the merging algorithm. The focused subnets also have better 
biological interpretations.



Chapter 3

Methods

3.1 Modeling pathways

In this thesis a method is generated for using stuctured metabolic pathway 
data to analyze gene expression. For this purpose a program library was built 
using R programming language. The library consists of two parts: BioPAX 
level 2 object model to efficiently present the BioPAX level 2 data, and addi
tional functions to build the gene interaction model based on the BioPAX data. 
The libraries are not yet finalized but the purpose is to submit the BioPAX 
object model to BioConductor and to incorporate the network analysis func
tions to NetResponse package that has been submitted to BioConductor. The 
algorithms are not specific to Reactome and any database that is available on 
BioPAX level 2 format can be used instead.

There is a need for two different kinds of gene interaction data: The con
nection matrix for all NetResponse versions and the prior covariance data for 
supervised NetResponse.

Figure 3.1 — Simple directed graph.

Consider the graph in figure 3.1 that could describe activation relations in 
Reactome data: Node A activates node В that in turn activates C, but A does

15
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not activate C directly. Of course the nodes A and C also have a relation and 
they will probably show uniform transcriptional response. For NetResponse it 
is not computationally feasible to create extra edges in the graph so the graph 
in the example is presented as undirected graph, in which (A,B) and (B. C) 
are connected. NetResponse will then combine one of the pairs or all three 
depending on the expression profiles of A, В and C thus utilizing the indirect 
connection if it adds value to the model.

The pathway interaction data is also used to build the prior correlation data 
for NetResponse factor analysis model, which is discussed in section 3.2.2.

3.1.1 Constructing gene graph from Reactome data

The Reactome Homo sapiens data in BioPAX level 2 format consists of 82427 
objects, majority of which are different kinds of cross references to external 
data sources and other auxiliary data. The most important objects are 1043 
pathways, 2831 protein complexes and 2852 individual proteins.

The algorithm for deducing the interactions between genes recursively tra
verses the Reactome object graph to find all significant interferences between 
proteins. For this purpose a concept of Node is introduced. Nodes are com
plex biological entities in the database that are expected to show coherent 
transcriptional response. In this thesis all pathways and all protein complexes 
in Reactome database are considered nodes. Also individual proteins that are 
controlled by a pathway but do not belong to any pathway or protein complex 
would need its own node, but there were no such proteins in Reactome data.

The data contains both ubiquitous pathways like Glycolysis and more spe
cific ones like The role of Nef in HIV 1 replication and disease pathogenesis.

The algorithm processes all nodes and recursively follows all relations pre
sented in figure 3.2. Whenever Control class is encountered it is noted if the 
control type is activation or inhibition. All other relations are considered neu
tral. By following the references the algorithm builds lists of all proteins that 
are related to any particular node. The search does not descend to other nodes. 
If those are encountered, a reference to the node is added instead. The inverse 
relations are not solved in this phase of the algorithm.
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PARTICIPANTS

PATHWAY-COMPONENTS •^>1 Pathway Step

STEP-
INTERACTIONS

CONTROLLED

CONTROLLER

LEFT, RIGHTPhysical Entity Participant |<^-

PHYSICAL-
ENTITY

Physical Entity

I Protein

Figure 3.2 — UML diagram of relationships relevant in finding Protein instances 
that are related to Pathway instances. Solid lines show inheritance and dashed lines 
references. Control objects have CONTROL-TYPE property that specifies the type 
of CONTROLLED relation (activation or inhibition).

The following information is collected for each node:

• List of proteins that belong directly to the node.

• List of proteins that are activated by this node.

• List of proteins that are inhibited by this node.

• List of nodes that are connected to the current node.

• List of nodes that are activated by current node.

• List of nodes that are inhibited by current node.

These lists form the interpretation of complex pathway data that is used to 
guide the gene expression analysis. The details of the node network is presented
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in section 4.4. The network of nodes is also processed further to create a 
network of genes, thus enabling the use of genes as features in NetResponse. 
The properties of the generated gene network are presented in section 4.4.5.

Mapping between Entrez GenelDs [Ent, 2010] of protein coding genes and 
UniProt IDs [Uni, 2010] of proteins was retrieved from “hsapiens_gene_ensembl” 
data set of Ensembl database via BioMart interface [Bio, 2010a], Mapping was 
nearly bijection with 2354 of 2567 protein IDs mapped to exactly one Entrez 
GenelD, 81 protein IDs mapped to two gene ids and 10 protein ids mapped to 
three four or five gene ids. In case of multiple genes mapped to one protein id 
these all genes were included in the pathway.

3.1.2 Contex-specific expression

Reducing dimensions of the source data to computationally feasible level is 
the requirement for performing any analysis. To reduce the dimensions of the 
problem the gene expression network is simplified to network of nodes that 
present complex coherently expressed entities. The merging of gene expres
sions is also justified by the main research question in this thesis: Analyzing 
expressions of complex biological entities, like pathways, instead of expressions 
of single genes.

A method of reducing dimensions while not ignoring any data was devised 
such that single expression profile was calculated for each node and the nodes 
were used as the features in NetResponse. Each node in the Reactome data 
contains 0 to 75 genes and each of these gene groups are merged to single 
expression profile.

In the expression data, genes that do not belong to any known node are 
omitted and for rest of the nodes single expression profile is calculated from 
the genes that form the node in question.

The expression of nodes is calculated using Principal Component Analysis 
(PGA). PGA is well known dimensionality reduction method and its use is 
justified for this purpose since it maintains maximum variance of the data 
which is useful when trying to find differentially expressed nodes.

If there is more than one gene in a node PGA is used to find the first principal
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component of the data and projection of data on that direction is used as the 
expression of the node. If a node contains only one gene the expression of node 
is the expression of the gene.

PCA is sign invariant, so after PCA step node expression can have inverse 
sign compared to the signs of the gene expression. This is corrected by requiring 
that mean of the node expression values has same sign that mean of gene 
expression values; Node expression vector is multiplied by -1 if necessary.



CHAPTER 3. METHODS 20

3.2 Factor analysis model in NetResponse

Using factor analysis for modeling transcriptional response is presented by 
Lucas et al. [2009] to model transcriptional responses observed in in vitro 
experiments and for then searching corresponding signatures in in vivo mea
surements. In this thesis a similar method is used to model the data using 
one-dimensional factoring.

Factor analysis model describes the responses with continuous linear model 
in contrast to mixture model that is used in classic NetResponse. While the 
mixture model focuses on differentially expressed groups of the data it does not 
give quantitative information on the similarity. Factor analysis model on the 
other hand does not perform clustering of the conditions, but the conditions 
can be sorted according to the explaining expression level Z and similarity of 
distributions or linear separability can be studied [Lucas et ah, 2009].

The motivation for using factor analysis is that it models noise separately 
and with larger feature group factor analysis should be able to detect the 
essential underlying expression profile of the group. The other motivations is 
that it allows straight-forward use of prior expected probability distribution of 
the data.

In NetResponse algorithm, the likelihood function in the cost function (eq. 
2.6) is replaced by likelihood of one-dimensional factor analysis model explain
ing the feature. The problem of finding the model for subnet n is solved by 
using expectation maximization algorithm explained in chapter 2.4.3. With 
the modified cost function, NetResponse will first try to fit one-dimensional 
factor analysis model for each pair of features and combine the two features 
that have the biggest marginal log-likelihood for the joint model. Merging then 
continues until the log-likelihood of any subnet does not improve by merging 
the subnets.

3.2.1 Factor analysis with prior correlation data

To introduce prior assumption on distribution of Y the multivariate normal 
distribution is assumed. The multinormal distribution Ar(//, £) has two pa
rameters: the vector of component means, /r, and the covariance matrix £.
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Because we are interested in finding uniformly expressed groups of genes it is 
not relevant in the model if the group is up or down regulated, and we also do 
not have such prior information. Therefore the prior means are assumed zero
p = 0.

On the other hand, the prior correlation is the information we expect to find 
in the pathway database. The typical example of genes, that are expected to 
have strong positive correlation, are genes related to the same protein complex 
[Jansen et ah, 2002]. Inhibition relations between nodes are specially inter
esting because these could be modeled as prior negative correlation between 
genes.

There is no information available on magnitudes of correlations and those 
magnitudes are not important when searching for coherent factor analysis 
model between genes. Thus, correlation matrices are used instead of covari
ance matrices and matrices used the algorithms are normalized to have unit 
diagonal.

The log-likelihood (2.4) that is being maximized in factor analysis is the 
marginal likelihood in the Bayesian model (2.2). In the standard factor analysis 
model the term describing the probability of prior data is assumed 1, P(Y\0) = 
1, but to introduce prior expected probability of Y the probability distribution 
function of У, given в is used instead.

Р(У|0)~ЛГ(О,Е) (3.1)

In the expectation maximization algorithm this means adding the multivari
ate normal distribution probability density function fY evaluated for У with 
parameters (p, E) with the log-likelihood function without prior correlation

LL(r2, ß, R, £)* = LL(t2,/3, R) + fY(0, E) (3.2)

3.2.2 Constructing correlation matrices

A correlation matrix has to be built based on the pathway data. It is symmet
ric, positive-semidefinite matrix, whose element in location E([J) describes the 
relative correlation between the elements г and j.
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Generating arbitrary positive-semidefinite matrix directly is non-trivial and 
also the pathway data does not give us any definite numeric values that could 
be used to populate the correlation matrix.

To demonstrate the problem of creating the matrix, consider graph in figure 
3.1. It is clear that some correlation is expected between node pairs that are 
connected by an edge. In the prior correlation matrix we can set some positive 
correlation between (A, B) and (B, C). The problem remains what to do with 
the pair (A, C). The matrix

1 1 0

S(A,B,C) =111

0 1 1

(3.3)

is not positive-semidefinite and thus not eligible as covariance matrix. Also 
finding the nearest positive-semidefinite matrix for 3.3 using Frobenius norm 
[Higham, 2002] leads to matrix that has negative correlation with pair (A, C), 
which is not what it expected based on the graph.

Therefore a heuristic approach is needed: A symmetric square matrix is built 
such that the element £pj) pairs are assigned number e [—1,1] following 
these principles:

• If i and j are not closely related = 0

• If i and j are related closely enough £(¿j) ф 0

• l^pj)| should be large if the association between the elements is strong.

• If there is inhibition relation between i and j, then £(ij) < 0

• If there is conflict between positive and negative correlation then £(¿J) = 
0

The heuristic used in this thesis to calculate the numeric value for is 
to use inverse of minimum distance between i and j if minimum distance is less 
than 6 and 0 otherwise. This cap was used for computational purposes when
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solving the minimum spanning trees for the nodes. If г and j are neighbors 
then value 0.9 is used if the elements belong to the same node, -0.5 if there 
is inhibition relation between the nodes and 0.5 if there is any other relation. 
The constructed matrix is called clustering matrix Sd in this thesis since it is 
expected to capture the correlation properties of the source data but it is not 
necessarily positive-semidefinite.

I case Ed is not positive-semidefinite he process described by Higham [2002] 
based on weighted Frobenius norms [Golub and Van Loan, 1996] is used to 
construct the nearest positive-semidefinite matrix. It is a well known problem 
specially with Monte-Carlo simulations that estimated covariance matrices are 
not always positive-semidefinite and this method solves the problem of creating 
valid matrix in such cases. This method has been used also in context of 
analyzing gene expressions by Jorstad et al. [2008].
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3.3 Validation

The classic NetResponse with Gaussian mixture model is expected to produce 
groups of features, in which the features are described by the same mixture of 
differentially expressed groups. The most interesting groups are ones that have 
mixture components that contain only certain biologically justified subset of 
samples, for example the control samples.

With the factor analysis model NetResponse produces a set of n subnetworks 
of the original network of features that show coherent expression explained by 
one-dimensional latent factor Z.

Latent variable Z is not one of the outputs of the likelihood expectation max
imization algorithm because Z has been marginalized out from the function 
being maximized. The expected value of Z can be solved from original expres
sion matrix Y, factor loading vector ß, and the residual covariance matrix r2 
[Rubin and Thayer, 1982]. For each subnetwork n:

E( Z) = (ßT(r2)~1ß + I)-1/?t(t2)_1Y (3.4)

3.3.1 Finding differentially expressed features

Once latent variable Z explaining the subnet expression has been solved with 
(3.4) for the subnet the conditions can be sorted by value of Z. The benefit of 
the factor analysis model is that the noise in the expected value of Z should 
be minimal, specially if the subnet is large, because the noise is separately 
modelled out by the factor analysis model.

The relative positions of different groups of samples are compared with 
Wilcoxon Mann- Whitney test to see if they appear to be drawn from the same 
distribution. The null hypothesis for the test is that the different groups of 
samples originate from the same distribution. The p value gives the probability 
of the observed expression profile assuming the null hypothesis is true.

To alleviate the problem of false statistically significant results obtained 
by chance because of large number of tests conducted, ç-values are used as 
the measure for statistical significance [Storey and Tibshirani, 2003]. It is the 
minimum false discovery rate for considering the result statistically significant.



CHAPTER 3. METHODS 25

The algorithm for solving q-values also gives estimate of proportion of truly 
null findings 7T0 making щ = 1 — 7г0 the lower bound of statistically significant 
findings.

3.4 Computing environment

R programming language [R Development Core Team, 2010], that is widely 
used in the field of bioinformatics, is used to implement the methods and 
conduct the experiments in this thesis. R is both language and an environment 
for statistical computing. Majority of recent published algorithms for analyzing 
gene expression are available for R within BioConductor open-source software 
project [Gentleman et ah, 2004]. R project also maintains archive of additional 
software packages, called CRAN - Comprehensive R Archive Network [CRA, 
2010]. As writing this there are 2374 software packages available. In this thesis 
for example package Matrix has been used to calculate positive semi-definite 
matrices and package igraph for analyzing graphs. The NetResponse algorithm 
that is used as the basis of all experiments in this thesis is also available in R 
and it has been submitted to BioConductor. If algorithms developed in the 
thesis appear to be promising, they can also be released as R package.



Chapter 4

Results

4.1 Conducted experiments

First, a toy data was constructed and it was used to verify that the implemen
tation works as expected and to demonstrate the use of prior covariance data 
with factor analysis model.

Second, the cancer data was analyzed. Because of computational limitations 
the whole cancer atlas was not examined but the analysis was limited to 195 
uterine cancer conditions. The uterine cancer data was split to two equal size 
parts using one part for traing and one part for validation in some experiments. 
Coherently expressed modules were searched from the data using NetResponse. 
Algorithm's ability to detect differentially expressed groups of features was 
tested by analyzing all uterine tissue samples with three different versions 
of NetResponse. Finally it was examined it is possible to find coherently 
expressed modules that would differentiate uterine cancer subtypes.

4.1.1 Algorithm efficiency

Factor analysis model without prior correlation was the fastest NetResponse 
version to execute. Classic NetResponse with Gaussian mixture model was 
second fastest and factor analysis model with prior correlation was the slowest 
by clear margin. The reason for this was that while two other models used op
timized algorithms, the expectation maximization step with prior correlation

26
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was implemeted with generic iterative optimization function that was consid
erably slower. Specially factor analysis model with prior correlation slowed 
down significantly when calculating costs for larger subnetworks. Because of 
this the maximum subnetwork size had to be limited to 12 features. To get 
comparable data from other version of the algorithm, also mixture model and 
factor analysis model without priors were executed with maximum subnet size 
of 12 features.

4.2 Toy data

To demonstrate the differences and functionality of the NetResponse varia
tions, a toy data with known properties was generated and analyzed. The 
data consists of 10 features by 100 conditions with features generated from 
three latent variates. Random values are first are assigned for latent variates 
Z = [zi z2 z3] and toy values for observables Y are given by

Yioxioo = [lfzi 1.2 z2 13 z3] + noise, noise ~ ,/V(0,1) (4.1)

The calculated values of Y are then processed with NetResponse with fully 
connected network between the features. Nine edges in a vertex is fairly typical 
in the gene networks generated from Reactome data and in that sense the toy 
data simulates the feature merging process with the real data. The latent 
variables are chosen from normal distribution

zi, z2, z3 ~ iV(0,1) (4.2)

Factor loading vectors were assigned for each toy subnet

11 = [1.9 2.0 —2.0 —2.1]^ (4.3)

12 = [0.3 3.0 1.0 -2.0]T (4.4)

13 = [TO -1.0]T (4.5)

The order of features was randomized just to make sure that the ordering of 
the source data does not affect the results. Generated data is presented in
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figure 4.1(a).
The data was then analysed with NetResponse using classic Gaussian mix

ture model and factor analysis model with and without prior correlation data. 
With no prior correlation weighting it is obvious that features from 1 to 4 
should form one subnet, features from 5 to 8 second subnet and features 9 and 
10 the third subnet.

4.2.1 Gaussian mixture model

The NetResponse result with Gaussian mixture model is shown in figure 4.1(b). 
Even though the underlying data has been created directly from factor analysis 
model, Gaussian mixture was able to produce the correct grouping of the 
features. The data is sorted by mixture components detected in the first feature 
group. Five different mixture components were identified by the algorithm 
from the random data.

4.2.2 Factor analysis model

The result with factor analysis model is shown in figure 4.1(c). The detected 
feature groups are the same than in 4.1(b), but the groups are sorted by the 
expression level of the latent variable in the first group. This demonstrates the 
different approach in merging the features by Gaussian mixtures and factor 
analysis.

4.2.3 Factor analysis model with prior correlation

A prior clustering matrix is used to guide the third classification:

Ed =

rillilililililili
lililililililili i i

i i J

(4.6)

This matrix forces the features in groups (1,2,3,4), (5,6, 7,8) and (9,10) to 
have positive correlation within the groups. We know by selected factor load-
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ings in eq. 4.3 that this is not true for some pairs and the expected result is 
seen in figure 4.1(d). Prior correlation forces features (1, 2,3,4)cmd(9, Ю) to 
be divided in two different groups that have positive correlation internally.

In the algorithm the strength of prior estimated correlation is controlled by 
parameter a such that the actual matrix used in calculations is £* = £d + qI. 
Unless otherwise noted a = 1 was used.

cI
0 
£

1

Condition
S88SS8SS8I

b-fl

-1
■

Щ

Ш

M0-l|

(c) Factor analysis classification (d) Factor analysis classification with prior
positive correlation expected within clus
ters

Figure 4.1 — Toy data.
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4.3 Uterine carcinoma data

The NetResponse algorithm versions were compared by analysing 191 uterine 
carcinoma samples combined with four healthy uterine tissue samples. The 
cancer samples consisted of 12 different subtypes that are listed in table 4.1. 
The subtypes were assigned IDs for reporting purposes.

Table 4.1 — Uterine carcinoma sample subtypes

ID n Subtype

0 4 Control samples (no cancer)

1 1 (subtype unknown)
2 12 Adenocarcinoma

3 1 Adenocarcinoma and small cell neuroendocrine
4 2 Adenocarcinoma, clear cell

5 147 Adenocarcinoma, endometrioid
6 1 Adenocarcinoma, papillary endometrioid
7 11 Adenocarcinoma, papillary serous

8 1 Adenocarcinoma, with squamous metaplasia
9 6 Adenosquamous

10 4 Endometrioid and serous adenocarcinoma
11 4 Papillary serous

12 1 Small cell

4.3.1 Examples of expression profiles

The cancer expression data set is quite large and it is possible to find different 
kinds of expression distributions over conditions. Some genes clearly have 
highly polarized expressions being either up or down regulated. Examples of 
different expression profiles are given in figure 4.2.
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Figure 4.2 — Examples of distributions of expression for individual genes over all 
conditions. From 17788 different genes it is possible to find many different kinds of 
distributions.
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4.3.2 Differentially expressed genes

To get an understanding of the data and to see what can be expected from 
NetResponse, differentially expressed genes were searched from the data using 
Wilcoxon’s test. The 1572 genes that were associated with gene expression 
experiments in section 4.4.5 were analyzed.

The number of estimated truly null differential expressions between cancer 
and control samples was тг0 = 0.28, and there were 173 genes with q < 0.005. 
This shows that there appears to be clear differences between the cancer and 
control data, as expected [Wang et ah, 2007]. Because of this the control 
samples are omitted from the data when cancer subtypes are compared against 
each other. The detected differetial expressions of individual cancer subtypes 
versus set of all other cancer samples is presented in table 4.2.

Table 4.2 — ttq estimates of truly null differences between cancer subtypes and 
other cancer samples and number of statistically significant differential expressions 
with different q-value levels, n=1572

Cancer subtype
statistic 2 5 7 9 10 11

7Г0 0.67 0.51 0.66 0.87 0.81 0.47

q < 0.01 1 149 9 0 0 0
0.01 < q < 0.05 2 213 54 0 0 0
0.05 < q < 0.1 97 138 84 0 0 420
q > 0.1 1472 1072! 1425 1572 1572 1152
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4.4 Network of context-specific expressions

4.4.1 The node graph

In Reactome, there are 3874 pathways and protein complexes that were used 
as nodes in context specific expression model, in which nodes are the features 
to analyse and single expression profile is calculated for each node based on 
transcriptional responses of genes that belong to the node. In total, there were 
2667 nodes that contained at least one gene. There are 2461 distinct genes 
included in the nodes, mean number of genes in one node is 2.80 and standard 
deviation 7.05 genes. Largest node in Reactome data, pathway Peptide lig
and binding receptors, contains 75 genes. The histograms of edge counts and 
number genes in each vertex are show in figure 4.3.

Nodes

(a) Number of direct dependencies between 
vertexes. On average each node is con
nected to 16.68 other nodes

Genes

(b) Number of genes in a node. On average 
one node directly contains 2.80 genes

Figure 4.3 — Properties of node graph.

The analysis of expressions in this thesis is limited to the largest connected 
subgraph of the whole node graph. This subgraph contained 2112 nodes of 
2667 nodes in total. This subgraph is visualized in figure 4.4 using heuristic 
by Fruchterman and Reingold [1991]. It can be seen that there are some 
nodes that have only few neighbors but most of the nodes are connected to 
many other nodes. Different node types listed for biological functional modules 
by Alexander et al. [2009], bottlenecks, hubs and cliques, can be observed in
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the graph. The mean number of edges in each vertex is 29.33 with standard 
deviation of 42.16 edges. The largest number of edges in one vertex is 268. 
The whole node expression data for uterine carcinoma that was used in the 
experiments is plotted in figure 4.5.

Figure 4.4 — Fruchterman-Reingold visualization of largest connected subgraph 
of the node network. Each node corresponds either metabolic pathway or protein 
complex in Reactome data. There are 2112 vertexes in this graph.
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Figure 4.5 The test data consist of 2112 nodes (features) and 195 tissue samples 
(conditions). The expression of each node is the combined expression of the genes 
in the node. Not sorted.

Table 4.3 — Detected number of coherently expressed node groups in context 
specific expression graph, n/ = 2112

Method all, nc = 195 part 1, nc = 97 part 2, nc = 98

Gaussian mixture 652 622 637
FA without prior 514 510 519
FA with prior 621 586 592
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4.4.2 Grouping the features with NetResponse

The graph of context-specific node expressions were analyzed with NetRe
sponse using the classic Gaussian mixture model and factor analysis model 
with and without prior correlation data.

For validation purposes the cancer samples were divided randomly to two 
non-overlapping subsets of equal size such that same number of subtypes ap
peared in both subsets. The overall grouping of features was similar in all three 
versions of NetResponse and with training data, validation data and combined 
data. The detected numbers of feature groups are presented in table 4.3. It can 
be seen that the factor analysis model was slightly more eager in combining 
the groups and the source data also has some effect in the result. The sizes 
and distributions of detected feature groups for the combined data are shown 
in figure 4.6.

Nodes Nodes Nodes

(a) Mixture model, 652 (b) Factor analysis model, (c) Factor analysis model 
groups in total 514 groups in total with prior correlation, 621

groups in total

Figure 4.6 — Sizes of node groups detected by NetResponse variations.

4.4.3 Cancer and control samples

Differences between cancer and control samples were studied by performing 
feature group detection on training samples with NetResponse. The samples in 
each group were then ranked by the expected value of latent variable Z within 
the group and the ranking was evaluated with Wilcoxon-Mann-Whitney test.
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Table 4.4 — Number of node groups showing differential expression between cancer 
and control samples with different levels of confidence.

NetResponse variation

q-value Mixture FA FA with prior

q < 0.001 0 0 0
0.001 < q < 0.005 116 126 116
0.005 <q< 0.01 76 76 73

0.01 <q< 0.05 201 151 196
0.05 < q < 0.1 89 68 80
q > 0.1 170 93 156

The most significant groups that were found were then tested for differential 
expression in the validation data.

Three groups that showed the strongest differential expression between the 
cancer and control samples with factor analysis model using prior correlation 
data are shown in figure 4.7. The groups in the figure are detected with 
the training data and the figure is plotted with the validation data. Because 
there were only two control samples on both subsets of data, the g-values for 
individual groups remained relatively high (q = 0.023), but with the validation 
data the amount of truly null findings was also low, ttq = 0.27, and the figures 
show that there are clear differences between cancer and control samples.

Generally all NetResponse variations were able to find large number of sub
networks that clearly differentiated control samples from the cancer samples. 
To get an indication of possible difference between NetResponse versions in 
detecting coherent groups all three versions were used to process the combined 
uterine carcinoma data. This way all four control samples were also part of 
the same data set. The findings are summarized in table 4.4. These figures 
have not been validated against independent groups of samples so they serve 
only as to compare the NetResponse versions against each other.
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Sample
Control

Feature
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UPS .transferred, from_LBP_canter_to_CDl 4

Toll_Uke_Receptor 4_TLR4_Cascade

(b) Sorted by third group’s Z

§,

Figure 4.7 — Three node groups that showed clearest diSerential expression in 
the learning data between cancer and control. Plotted with validation data.
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Table 4.5 — ttq estimates of truly null differences between control samples and 
cancer subtypes vs. other samples in all data using Wilcoxon’s test.

Cancer subtype

Method 2 5 7 9 10 11

Mixture 0.74 0.54 0.60 0.85 0.53 0.49
FA without prior 0.75 0.61 0.61 0.92 0.53 0.51
FA with prior 0.71 0.56 0.59 0.98 0.57 0.52

4.4.4 Differentiating between cancer subtypes

The biologically interesting question is that are there some features or modules 
that show differential expression between some cancer subtypes. Based on 
previous section, the control samples are clearly different from cancer samples 
and therefore they are omitted when searching for feature groups differentiating 
cancer subtypes. Also six subtypes with only one or two samples were omitted 
from the tests. The same 50/50 division of cancer samples is used to as the 
training data and for validation.

The 7r0 values of truly null differences were analyzed to find out if there are 
differences in subtype expressions in general, and which NetResponse version 
and the cancer subtype is most likely to reveal them. These values are collected 
in table 4.5. Low тг0 value for subtypes 10 and 11 was caused by small number 
of samples and no truly differential expressions were found regarding these 
groups. With subtype 5 the differential expressions that were found with the 
training data were clearly verified in the validation data. The three feature 
groups showing most differentiated expression between subtype 5 and other 
samples are described in table 4.6 and plotted in figure 4.8

It can be observed from the figures 4.7 and 4.8 that the expression profiles 
of different features are surprisingly similar or even identical. This was caused 
by overlapping genes in the groups. As an example, genes included in the 
third feature group of figure 4.8 are listed in table 4.7. An interesting detail to 
notice is that in the figure the expression profile of some genes is inverse even 
though the features contain mostly same genes. This is unfortunate side-effect 
of using PCA to merge the expressions of may genes into a single figure.
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Table 4.6 — Three node groups with most strongly differential expression between 
subtype 5 and other samples. The groups were detected from the learning data and 
the p-values were calculated for the same groups on the validation data.

Subnet p-value Members

143 p < 0,00001 "IRS_related_events”

“Signal attenuation”

“Activated TrkA receptor IRS1 2 plasma membrane 1”

“Activated TrkA receptor Phospho IRS1 2 plasma membrane
1”

“Activated TrkA receptor Phospho IRS1 2 PI3K p85 pi 10 
plasma membrane 1”

“1RS activated insulin receptor plasma membrane 1”

122 p = 0,00004 “Gabi signalosome”

“EGF Phospho EGFR GRB2 GABI PI3Kreg cytosol 1”

"EGF Phospho EGFR GRB2 GABI PI3Kreg PI3Kcat cytosol
1”

“GRB2 GABI PI3Kreg cytosol 1”

“PI3K alpha cytosol 1”

66 p = 0,039 “Cell Cycle Mitotic”

“DNA Replication”

“DNA Replication Pre Initiation”

“GI S Transition”

“M G1 Transition”

“Removal of licensing factors from origins”

“Switching of origins to a post replicative state”

“Synthesis of DNA”

“Mcm2 7 complex nucleoplasm 1"

“Mcm4 6 7 complex nucleoplasm 1”
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Table 4.7 — Direct gene components of node group 66 in table 4.6 showing large 
amount of overlap

Node Genes

“Cell Cycle Mitotic” 4171_at, 4172_at, 
6233_at, 7311-at, 
990_at

4174_at,
7314^at,

5925-at,
7316-at,

“Dna Replication” 4171-at, 4172_at, 4174_at, 6233_at,
7311-at, 7314_at, 7316_at, 990_at

“DNA Replication Pre Initiation” 4171_at, 4172_at,
6233-at, 7311_at,
99(Lat

4174-at,
7314_at,

5925-at,
7316-at,

“GI S Transition” 4171_at, 4172_at,
6233_at, 7311_at,
990_at

4174_at,
7314_at,

5925_at,
7316_at,

“M G1 Transition” 4171_at, 4172_at,
6233-at, 7311_at,
99(Lat

4174_at,
7314_at,

5925_at,
7316-at,

“Removal of licensing factors from ori
gins”

4171_at, 4172_at, 
81620-at

4174_at, 51053_at,

“Switching of origins to a post replicative 
state”

4171_at 4172_at, 4174_at,

“Synthesis of DNA” 4171_at, 4172_at, 4174_at, 6233_at,
7311-at, 7314_at, 7316_at, 990_at

“Mcm2 7 complex nucleoplasm 1” 4171-at, 4172_at,
4175_at 4176-at,

4173_at, 4174-at,

“Mcm4 6 7 complex nucleoplasm 1” 4173_at, 4175-at, 4176_at,
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Sample
Subtype 5

MHIIMIIIII HIHII III II

(a) Sorted by expected value of latent variable Z explaining group 
143.

Sample
Subtype 5

(b) Sorted by expected value of latent variable Z explaining group 
122.

Figure 4.8 — Some of the node groups detected by factor analysis NetResponse 
with prior correlation that show most differentiated expression between subtype 5 
and other subtypes.
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4.4.5 Comparison to gene expression graph

With context-specific expression preprocessing it was observed that the fea
tures are often grouped because of overlapping genes. To overcome this, gene 
expression network was also analyzed. This graph was constructed by linking 
all genes that belonged to a node together and then assigning all relations be
tween nodes to the pairs of genes that belonged to the nodes. The largest con
nected subgraph of genes contained 1572 gene vertexes. The average number 
of edges per vertex is 36.5 with standard deviation of 42.1 edges and maximum 
number of edges 298.

With the gene expression network the mixture model detected 356 subnet
works, factor analysis model 206, and factor analysis model with prior covari
ance 620. The large number of subnetworks in the latter case was caused by 
more strict use of prior correlation in order to get more differences between 
prior and no-prior factor analysis models. The ttq values for true null differ
ences between control samples were тг0 = 0.30 for mixture model, n0 = 0.30 
for FA without priors, and тг0 = 0.41 for FA with priors. This suggests that 
too strong guidance with prior correlation data did not actually help forming 
the feature groups. Overall, as in other experiments the cancer and control 
samples were well differentiated by many pathways but differentiating cancer 
subtypes was more difficult. The amount of feature groups showing some dif
ference with different levels of confidence between cancer and control samples 
or between cancer subtypes are shown in table 4.8.

The subnet that was best able to detect differences between two cancer and 
control samples using factor analysis model with priors is plotted in figure 
4.9. The fact that control samples are clearly different from cancer samples is 
pointed out by also by hierarchical clustering dendrogram show in figure 4.10. 
It is calculated for genes included in seven feature groups that showed biggest 
difference between cancer and control samples.
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Table 4.8 — g-values of statistically significant difference between cancer samples 
and control samples using Wilcoxon’s unpaired signed rank test. Control samples 
were not included when searching differential expressions between cancer subtypes.

Model q-value Control

Cancer subtype

2 5 7

q < 0.005 0 0 30 2

Gaussian mixture
0.005 < q < 0.01 99 0 5 5

0.01 < q < 0.05 98 3 38 23
0.05 < q < 0.1 56 23 47 25
q > 0.1 103 330 236 301

q < 0.005 60 0 23 5

Factor analysis
0.005 <q< 0.01 32 0 6 5

0.01 < q < 0.05 50 2 29 22

0.05 < q < 0.1 17 16 23 9
q > 0.1 47 188 125 165

q < 0.005 0 0 49 1
0.005 < q < 0.01 97 0 25 4
0.01 <q< 0.05 178 7 68 40
0.05 < q < 0.1 84 27 54 36

q > 0.1 261 586 424 539

Factor analysis with 
prior correlation
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Figure 4.9 — Gene expression subnet differentiating cancer and control samples 
with factor analysis model using priors.
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Figure 4.10 — Dendrogram of genes included in seven factor analysis NetResponse 
feature groups that most clearly separated control samples from cancer samples.
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Chapter 5 

Discussion

The purpose of this thesis was to combine knowledge of cell-biological net
works with gene expression data in systems biological level in order to model 
cancer-associated transcriptional responses. In more pragmatic terms the cho
sen method was to implement means for using metabolic pathways presented 
in generic metabolic pathway exchange format BioPAX level 2 to guide Ne- 
tResponse algorithm.

5.1 Modeling metabolic pathways

Creating the software for building graphs of nodes and solving dependencies 
between them based on BioPAX level 2 data was the biggest own contribution 
in this work. The method can be adjusted to different BioPAX level 2 data 
sources and the relations that are considered when building the graph can be 
configured.

Biological significance of relations described by BioPAX were not studied to 
limit the scope of the work and the graph was built solely based on descrip
tions of BioPAX classes. The constructed graph appeared plausible and it 
worked with the NetResponse algorithm but it seems likely that better quality 
graph can be built if the biological interpretations are considered more when 
traversing the BioPAX data.

46
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5.2 Detecting functional modules

New NetResponse algorithm by Lahti et al. [2010], that is built for detecting 
coherently expressed groups of features in genome-wide scale, was used to 
detect the functional modules in the gene expression data.

To utilize prior information of cell-biological networks, a factor analysis 
model was introduced in NetResponse. This model makes it possible detect 
modules based on continuous changes in expression profiles and it also makes 
it possible to add prior probability data to the model more easily than in 
Gaussian mixture model used in classic NetResponse.

Experiments with toy data proved that the factor analysis model worked 
according to theory and if prior probability data is not used, the results are 
similar to classic NetResponse using Gaussian mixture model.

5.2.1 Prior correlation

Following the idea by Tarca et al. [2009] a prior pathway data was used to 
guide the analysis of gene expression. Considering the goal of identifying co
herently expressed modules, the absolute levels of gene expressions are not 
as important as identifying changes happening in the same direction. Thus, 
expected correlation between nodes and genes was used to guide the subnet 
search in NetResponse algorithm.

The correlation data was built from the BioPAX data using heuristic method 
devised in this thesis. With toy data the guiding function worked as expected 
but with cancer data the results were inconclusive. The identification of differ
entially expressed groups of features was not observed to improve with prior 
correlations.

The most probable cause for the shortcomings are related to the quality 
of the constructed correlation data. Like the feature graph, it was also con
structed using only shallow biological interpretations of BioPAX classes. Im
proving the method for creating the correlation data with better biological 
understanding could significantly improve the value of prior information. For 
example, there were many groups of genes that appeared together in many 
contexts and then there were gene pairs that had only one relation between
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them. Only the relations, that were interpreted as the strongest between fea
ture pairs, were used to build the correlation data and conflicting relations 
were ignored.

Inhibition relations that would lead to negative expected correlation were 
believed to be the most interesting part of the source data. However, Reactome 
data proved to contain only small number of expected negative correlations 
compared to other relations and when constructing the gene graph all negative 
correlations were overridden by genes appearing in the same protein complex 
or node, which was interpreted to be a stronger relation. Using signaling 
pathway data instead of metabolic pathway data, as was done by Tarca et al. 
[2009], could provide more relations that are easier to interpret as positive and 
negative correlations between transcriptional responses of genes.

Using prior correlation data with NetResponse the way it was done in this 
thesis is partially redundant. NetResponse operates on a graph of nodes and 
it does not compare features that are not connected in the graph. The prior 
correlation data and the network were built based on the same data and the 
expected correlations mostly reflected the distance of the features in the graph. 
Ideally the prior correlation could be used so that NetResponse is allowed 
to group features freely, using fully connected network, and the correlations 
are used to guide the analysis to the direction of the feature network. This 
is unfortunately not computationally feasible and will only work with small 
networks of tens of features at most.

5.2.2 Context-specific expression profiles

The concept of context-specific node expression was devised as a dimension 
reduction method to make the source data computable. It is also justified by 
the goal of this thesis that focuses on detection of organism-wide phenomena 
and expressions of whole functional biological entities. It was soon found out, 
however, that the largest connected subgraph of nodes is close to equal in size 
to the largest connected subgraph of genes making it possible to compare node 
and gene expressions with the same data.

Compared to gene expression experiments, the node expression data per-



CHAPTER 5. DISCUSSION 49

formed at least equally well, suggesting that it is a feasible dimension reduc
tion method for this type of study. Additionally it gives more clear biological 
interpretation of the results than gene expression experiments.

However, there were some issues with combining the gene expression. It 
was observed that some of the node groups with most differential expressions 
consisted of nodes that had mostly overlapping genes. This kind of nodes 
naturally show similar expression profile and NetResponse correctly joins them 
together. In these cases the findings are not as convincing as in gene expression 
experiments that have non-overlapping features. Node expression may cause 
loss of information by hiding some genes inside nodes that contained large 
numbers of other overlapping genes. Also the full potential of latent variable 
models used to analyse the data may diminish if the data is preprocessed 
with principal component analysis. Additional problem observed with PCA 
preprocessing, like it was done in this thesis, was that introducing new gene to 
a node may invert the expression profile, reducing the value of prior correlation 
data.

5.3 Efficiency considerations

The algorithms proved to be computationally expensive but scalable enough, 
and with modern computers analyzing the whole cancer atlas with the methods 
presented in this thesis is feasible. It was observed that there were clear differ
ences between the execution times of algorithms with the supervised algorithm 
being the slowest.

Solving the Gaussian mixture model in original NetResponse uses optimized 
implementation [Lahti et ah, 2010] and also the factor analysis model with
out priors was based on optimized algorithm [Rubin and Thayer, 1982]. This 
was clearly visible in the results compared to solving factor analysis model 
with prior correlation, that was done using generic optimization algorithm. 
Finding an optimized algorithm for solving the latter case would be very use
ful. Also solving nearest positive-semidefinite matrices was unnecessarily time- 
consuming when unnecessarily repeated. Avoiding to solve the same matrices 
by caching intermediate results would also shorten the execution times. It
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was also found out that of the two faster versions of NetResponse the factor 
analysis without priors was faster to solve than the Gaussian mixture model.

5.4 Classifying cancer

Due to limitations in computational resources and time available for the ex
periments the full cancer atlas was not thoroughly analyzed. The method was 
evaluated by using it to detect functional modules on a set of uterine carcinoma 
samples. The control samples were clearly identified with almost half of the 
modules detected by NetResponse showing statistically significant difference in 
the expression levels between control samples and cancer samples. Detecting 
differences between cancer subtypes proved to be somewhat more difficult, but 
many modules with statistically significant differential expressions were also 
observed between uterine cancer sub types.

5.5 Comparison with other methods

As shown by the examples found, the method used in this thesis was able to 
find biologically justified functional modules in uterine cancer gene expression 
data. The method was compared with two variations of the same algorithm 
on the same data set and there were no clear differences in the results.

It remained inconclusive if the new method is able to detect functional mod
ules better than the alternative methods. The amount of differential expres
sions found is not necessarily the measure of algorithm’s goodness as the same 
level of differences were found also by examining differential expressions of 
individual genes. More extensive set of experiments and cross disciplinary val
idation of the detected modules is needed to truly evaluate the effectiveness 
of the proposed method. Thus, the contribution in this thesis is a plausible 
method for supervised analysis of genome-wide transcriptional responses, that 
can be subjected to further studies.
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Conclusion

Combining metabolic pathway data with gene expression data was studied to 
find functional modules that could help in classifying cancer samples.

To identify the modules, a method was developed for modeling metabolic 
pathway data presented in BioPAX level 2 format. Using the model, a graph 
of nodes representing pathways and protein complexes was built based on the 
contents of Reactome database. Method for joining multiple gene expressions 
as one context specific expression for each node was used as a dimension re
duction method for the gene expression data. Factor analysis model guided by 
prior correlation data was implemented for NetResponse algorithm for analyz
ing genome-wide transcriptional responses and uterine cancer data consisting 
of 2112 nodes over 191 cancer tissue samples and four control samples was 
analyzed.

Context specific expression preprocessing by merging multiple gene expres
sions to a single figure was found to be useful and factor analysis model worked 
well with NetResponse algorithm. Guiding the factor analysis model with prior 
correlation data appeared promising, as it worked with toy data, but it was 
not able achieve improved results compared to other methods with the cancer 
data. This was mostly caused because the method that was used to build the 
prior correlation data probably did not capture the essence of the pathway 
interactions available in the database.

The idea of modeling cell-biological processes as a network of interconnected 
functional modules is an interesting one and this thesis provides one method

51
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to gather such information. The lack of time and resources limited the ex
periments that were possible to conduct but the results still showed that the 
method is promising. More experiments with larger data sets and extensive 
comparisons to other methods should be conducted to get better understanding 
of this method. Adjusting the way prior correlation matrices are built based 
on better biological insight and fixing the problems with merging expression 
profiles with multiple genes are likely to improve the results.

Regardless of the observed limitations, the method was able to detect biologi
cally plausible functional modules, some of which were differentially expressed 
between cancer and control samples and between different cancer subtypes. 
The observed differential expressions between the samples were statistically 
significant.
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