
Linköping Univeristy Medical Dissertations 
No. 1326

Bioinformatic identification of 
disease associated pathways 
by network based analysis

Fredrik Barrenäs

Department of Clinical and Experimental Medicine 
Faculty of Health Sciences, Linköping University 

581 85 Linköping, SWEDEN

Linköping 2012



© Fredrik Barrenäs

ISBN: 978-91-7519-802-6 
ISSN: 0345-0082

Printed in Sweden by LiU-Tryck, Linköping, 2012



1 
 

 

 

 

 

 

When Thomas Edison worked late into the night on the electric light, he had to do it by 

gas lamp or candle. I'm sure it made the work seem that much more urgent. 

George Carlin (1937 - 2008)  

  



2 
 

  



3 
 

ACKNOWLEDGEMENTS 

To those who made this journey possible, to those who made it worthwhile, and to those 
who made it fun. 

To Mikael Benson, my supervisor, who has been so much more than that. For welcoming 
me into your home, and always keeping me facing forwards, despite my most obnoxious 
protests. For teaching me the important question ‘how would Orwell express this?’ 

To my present and past co-workers Hui Wang, Huan Zhang, Sören Bruhn, Yelin Zhao and 
Mika Gustafsson for your friendship, good collaboration, and above all for looking so 
interested in my whiteboard drawings. To Reza Mobini for supporting me during my early 
years as a PhD student, and to Sreenivas Chavali for many interesting discussions on the 
finer points of genetic research. To Colm Nestor for taking extra time proofreading this 
thesis. 

To Michael Langston, my co-supervisor, a great teacher and inspiration. And especially 
for a very exciting time in Knoxville, and the authentic American Thanksgiving. To Gary 
Rogers for showing me all the good things that Knoxville had to offer. 

To all the people at KEF, for a warm welcome and for repeatedly showing me how things 
work and where to find what… despite my complete inability to remember both 
directions and instructions. To Anne-Marie Fornander for always being ready to provide 
us with keys, keycards and all the little things you don’t even realize you need… until 
you lose them. 

To all members of the MultiMod project, for many interesting meetings and invaluable 
advice. 

 

To my mother and father, who have always supported me without question. And for 
making sure that I never missed another flight (after that first one). And especially to my 
brother, to whom the very idea of doubting me never seems to have occurred. 

To Johan Lodin, Fredrik Moeschlin and Christofer Chavanne for trying to answer all my 
weird questions about programming and statistics as quickly as I can produce them. 

To Amir Golkar, who can always be counted on to cheer me up, even on my worst… no, 
especially on my worst days. How you can always see something hilarious in the worst of 
my frustrations, I will never know. But man, how we have laughed… 

And finally to Anna Rydén, who always thinks of helping others and never asks for 
anything back. What I have done to deserve you is a mystery to me, far greater than those 
I have ever met in my work. 

 

Thank you 



4 
 

  



5 
 

ABSTRACT 
Many common diseases are complex, meaning that they are caused by many interacting 
genes. This makes them difficult to study; to determine disease mechanisms, disease-
associated genes must be analyzed in combination. Disease-associated genes can be 
detected using high-throughput methods, such as mRNA expression microarrays, DNA 
methylation microarrays and genome-wide association studies (GWAS), but determining 
how they interact to cause disease is an intricate challenge. One approach is to organize 
disease-associated genes into networks using protein-protein interactions (PPIs) and 
dissect them to identify disease causing pathways. Studies of complex disease can also be 
greatly facilitated by using an appropriate model system. In this dissertation, seasonal 
allergic rhinitis (SAR) served as a model disease. SAR is a common disease that is 
relatively easy to study. Also, the key disease cell types, like the CD4+ T cell, are known 
and can be cultured and activated in vitro by the disease causing pollen. 

The aim of this dissertation was to determine network properties of disease-associated 
genes, and develop methods to identify and validate networks of disease-associated 
genes. First, we showed that disease-associated genes have distinguishing network 
properties, one being that they co-localize in the human PPI network. This supported the 
existence of disease modules within the PPI network. We then identified network 
modules of genes whose mRNA expression was perturbed in human disease, and showed 
that the most central genes in those network modules were enriched for disease-associated 
polymorphisms identified by GWAS. As a case study, we identified disease modules 
using mRNA expression data from allergen-challenged CD4+ cells from patients with 
SAR. The case study identified and validated a novel disease-associated gene, FGF2 
using GWAS data and RNAi mediated knockdown. 

Lastly, we examined how DNA methylation caused disease-associated mRNA expression 
changes in SAR. DNA methylation, but not mRNA expression profiles, could accurately 
distinguish allergic patients from healthy controls. Also, we found that disease-associated 
mRNA expression changes were associated with a low DNA methylation content and 
absence of CpG islands. Specifically within this group, we found a correlation between 
disease-associated mRNA expression changes and DNA methylation changes. Using 
ChIP-chip analysis, we found that targets of a known disease relevant transcription factor, 
IRF4, were also enriched among non CpG island genes with low methylation levels. 

Taken together, in this dissertation the network properties of disease-associated genes 
were examined, and then used to validate disease networks defined by mRNA expression 
data. We then examined regulatory mechanisms underlying disease-associated mRNA 
expression changes in a model disease. These studies support network-based analyses as a 
method to understand disease mechanisms and identify important disease causing genes, 
such as treatment targets or markers for personalized medication. 
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1 INTRODUCTION 

In recent years, biomedical research has undergone dramatic changes. Experiments that 
have been performed on individual genes can now be extended to all genes in the human 
genome. However, analyzing information pertaining to the entire human genome requires 
a combination of statistics, computer science, molecular- and cell biology, which now 
constitutes a research field termed bioinformatics. 

Bioinformatic studies have emphasized that genes do not as independent units; they 
interact to form complex systems in living cells where functions are carried out by 
modules of genes and the role of each gene is defined by its interactions with other 
genes1. The wider effort of unraveling these systems has grown into a field termed 
systems biology.  

One important application for systems biology is to understand human disease. Like the 
function of any gene can only be understood by their role in cellular systems, human 
diseases can only be understood by how they affect those systems. 

1.1 COMPLEX DISEASES 
Several common human diseases are classified as complex, meaning that they are caused 
by a combination of many genetic and environmental factors. Complex diseases include 
several forms of cancer (e.g. leukemia, lung cancer), autoimmunity (e.g. type I diabetes, 
rheumatoid arthritis), hypersensitivity (e.g. hay fever, eczema) and neurological disease 
(e.g. Alzheimer’s disease, epilepsy). 

Many complex diseases have a small 
number of disease causing genes with a 
strong effect. However, most have many 
genes with a small effect, whose combined 
contribution may be greater than that of the 
strong effect genes2. Treatments that target 
specific gene products can be effective, but 
patients may not be rendered symptom-free 
and the effect can vary greatly between 
individuals. This has been observed during 
anti-IgE treatment in allergy3, and insulin 
treatment in diabetes4.  

Understanding complex diseases will require a framework for analyzing combinations of 
disease causing genes. The aim of this dissertation was to find systematic methods to 
analyze combinations of disease-associated genes, using network based analyses. 

1.2 NETWORK THEORY AND NETWORK BIOLOGY 
A network is a set of nodes connected by interactions, and can represent anything from 
social interactions between pupils in a school class, to traffic between airports. 
Organizing complex systems into networks can give a clear overview of the system, and 

The terms disease-associated genes and 
disease genes both refer to genes with a 
disease-associated polymorphism within 
or near them. It is sometimes written out 
as gene harboring disease-associated 
polymorphisms. 

The term disease causing genes does not 
apply to all disease-associated genes 
since genetic studies can produce false 
positives. 
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effectively identify important components. The analysis of complex networks constitutes 
a field of science known as network theory. 
5Network theory is a powerful tool for systems biologists. Disease-associated genes can 
be organized into networks using various biological sources such as physical protein-
protein interactions (PPIs)6, literature co-citation7 or co-expression8. Those networks can 
then be dissected to identify disease pathways, mechanisms, clinical markers and drug 
targets. Two concepts are of particular interest in this kind of analysis: modularity and 
centrality. 

1.2.1 Modularity 
In a modular network, the nodes are divided into groups that share many interactions 
internally but few interactions with other groups. Many real world networks, such as 
social networks and gene networks tend to be highly modular9. Identifying modules in a 
large, complex network can reduce thousands of nodes to a handful of modules, thereby 
drastically simplifying the analysis. 

The most extreme version of module is termed clique10. A clique is a set of nodes that are 
completely connected with each other. All cliques in a network, that are not subsets of 
another clique, are termed maximal cliques. 

A method to determine if a gene is part of a module or not is termed clustering 
coefficient11. The clustering coefficient of a node is defined by how many of the node’s 
interactors that are connected with each other. If all interactors of a node are connected 
(i.e. it is part of a clique), its clustering coefficient is 1.  

1.2.2 Centrality 
Centrality is a way to prioritize nodes within a network. A central node is well-connected 
with the rest of the network; removing it will strongly affect the integrity of the network. 
The most straightforward definition of centrality is degree (sometimes called 
connectivity), which corresponds to the number of interactions (i.e. the number of 
immediate neighbors) a node has. Nodes with a high degree are commonly referred to as 
hubs. 

However, degree is a local centrality measure. It is often important to know a node’s 
centrality with respect to the entire network. Two common global centrality measures are 
betweenness and closeness12. 

Betweenness is calculated by first identifying the shortest paths between all nodes in the 
network. Nodes with many shortest paths passing through them receive a high 
betweenness and are sometimes referred to as bottlenecks.  

Closeness is calculated in a similar way. A node’s closeness is a measure of its average 
distance to all other nodes in the network. The inverse of closeness is called average 
shortest path length (ASPL). 

Since closeness is based on the average distance to all other nodes in the network, some 
nodes could still be very distant from a node with high closeness. To compensate for this, 
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closeness should be complemented with eccentricity, which is the distance from a given 
node to the farthest node in the network. Note that unlike for degree, betweenness and 
closeness, a low eccentricity value implies high centrality.  

1.2.3 Networks in disease 
Networks have an important role in systems biology, as a method to organize large 
numbers of disease-associated genes, or analyze cellular signaling pathways (e.g. the 
insulin signaling pathway). 

In a previous study of human diseases and disease genes described in a public database, a 
straightforward network analysis was carried out by constructing a disease network and a 
disease gene network13. In the disease network every node was a disease and diseases that 
were associated with the same gene were connected. In the disease gene network, every 
node was a gene and genes that were associated with the same disease were connected. 

The disease network showed a highly modular structure where diseases of the same class 
(e.g. cancers, neurological disorders) showed a high tendency to be connected. The 
disease gene network was also highly modular and genes associated with the same 
disease tended to be expressed in the same tissues and share biological functions. This 
suggested that the modules in the disease gene networks corresponded to functional 
modules. 

This study shows how biological information can be analyzed by network based methods, 
but also brings up the important issue of knowledge bias. In this case, knowledge bias is 
the tendency for researchers to focus their studies toward genes that already have known 
disease associations. For example, the since the early discovery of cancer-causing 
polymorphisms in the gene P5314, this gene has been studied extensively, especially in the 
context of cancer. Consequently, P53 has been linked to several types of cancer, which 
gives it a very important place in the disease gene network. In other words, the network 
reflects the current state of human knowledge and important but unknown disease genes 
will be absent. Knowledge bias is a significant limitation, but can be circumvented by 
using methods that are not based on scientific literature. 

1.3 PROTEIN-PROTEIN INTERACTION NETWORKS 
In PPI networks, nodes represent proteins (and, by extension, genes) and interactions 
represent physical protein-protein interactions. This includes a range of interaction types, 
such as hormone-receptor interactions, kinase-substrate interactions or the stable bond 
between proteins in the same complex. A gene’s interactions with other genes can give 
valuable information regarding its function and disease causing mechanisms. 

The biological interpretation of a protein-protein interaction is that the two proteins/genes 
participate in the same process. Some PPI databases have therefore included “functional 
interactions” between proteins with similar functions although they don’t interact 
physically15, such as two DNA repair proteins that participate in different repair 
mechanisms. Gene pairs whose products share a PPI tend to show correlation in their 
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mRNA expression profiles16-20. This may be unsurprising, given that they participate in 
the same processes. 

Most PPI databases are based on manual curation of literature21, meaning that they are 
affected by knowledge bias. For example, known disease genes may undergo more 
studies, giving them better characterized PPI neighborhoods than genes with no known 
impact on disease. 

The protein-protein interaction network is highly modular22, indicating that genes have a 
high tendency to from functional groups and pathways. Furthermore, the human PPI 
network consists mostly of proteins with very few interactions, and a few proteins with a 
high number of interactions. By comparison, in a randomly connected network most 
nodes have an average number of interactions while some have many and some have few. 
The human PPI network is what is called a scale-free network, which is highly dependent 
on a few important hubs. Hubs in the PPI network have been shown to be enriched for 
essential genes, meaning that a mutation which disrupts their function has a high 
likelihood of being lethal23. 

The definition of a hub gene is that it has many interactions with other genes. However, 
hub genes can also reside within a module (termed intramodular hubs) or act as 
bottlenecks between modules (intermodular hubs)24. Removing intermodular hubs from 
the network disconnects it more effectively than removing intramodular hubs. 
Intramodular, but not intermodular hubs tend to be co-expressed with their interactors. 
Furthermore, intermodular hub proteins contain more cell signaling domains, supporting 
their role as signal transducers between functional modules25. This demonstrates how 
genes’ functions can be inferred from their interactions in cellular networks. 

1.3.1 Network properties of disease-associated genes 
To understand disease mechanisms, previous studies have mapped genes harboring 
disease-associated genes onto the human PPI network to study their network 
properties13,26-28. They found several properties that set disease-associated genes apart 
from random genes in the network. 

Centrality: One of the most striking observations was that disease-associated genes have a 
higher centrality than expected by random. Like previously mentioned, centrality is a 
measure of the importance of a node in a network. Consequently, centrality in the PPI 
network is a measure of the importance of a given protein, or the phenotypic impact of 
polymorphisms in that protein’s gene. In short, the higher centrality of disease-associated 
genes implies that such genes are relatively important for the organism. 

Several studies have demonstrated that essential genes also have a high centrality in the 
PPI network23,26. This suggested that disease-associated polymorphisms are enriched 
among essential genes. However, a comparison showed that essential genes have a higher 
centrality than disease-associated genes. Furthermore, genes associated with more than 
one disease are more central than genes associated with one disease26. 
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Taken together, these studies suggested a hierarchy where polymorphisms in very central, 
essential genes tend to be lethal to the organism and are not conserved in the germ line. 
Polymorphisms in semi-central genes have enough impact to cause disease, but not 
detrimental enough to be lethal. Finally, polymorphisms in peripheral genes do not have 
enough phenotypic impact to cause disease. 

Interconnectivity: Another intriguing observation was that genes associated with the same 
disease tend to co-localize13,26-28, in other words they are interconnected with each other. 
Interconnectivity of disease-associated genes supports the existence of functional 
pathways in the cell; disrupting different parts of the same pathway has similar effects29. 
In turn, this implies that for each disease, the disease-associated genes form a disease 
module that can be lifted from the rest of the PPI network and studied to understand the 
disease. Furthermore, the effects of disease-associated genes propagate through the PPI 
network30-32, which could cause genes whose mRNA expression is affected by the 
disease-associated genes, to be co-localized with them. In agreement with this hypothesis, 
genes that are differentially expressed in patients with a given disease tend to co-localize 
in the PPI network (since genes whose protein products interact tend to be co-expressed; 
see section 1.3). However, the relationship between differentially expressed genes and 
polymorphism harboring genes in the PPI network is not well understood. 

In theory, the concept of centrality would suggest that the most central genes in networks 
of disease-associated genes would have a stronger impact on disease. In other words, 
genes that share many PPIs with other disease-associated or differentially expressed 
genes should be important disease genes. To separate genes that share many interactions 
with other genes (that is, central genes) from genes that share many interactions with 
disease-associated genes, we call the latter category highly interconnected with respect to 
disease-associated genes. 

1.4 GENETICS AND EPIGENETICS 
Many well-known disease-causing polymorphisms, such as the cancer-causing 
polymorphisms in the gene P53, render the resulting protein inactive. This effect is often 
mediated by changing the protein structure, thereby preventing it from interacting with a 
given substrate or receptor1. Investigating the disease-causing mechanisms of such 
polymorphisms requires an intricate analysis of protein structure and interactions. 

Regulatory disease causing polymorphisms mediate their effect by more straightforward 
means; instead of rendering the resulting protein inactive, they cause the cell to produce 
too much or too little of the protein. This principle is illustrated by hemophilia B, a 
bleeding disease characterized by low levels of plasma factor IX. Hemophilia B is 
associated with single nucleotide polymorphisms (SNPs) in the promoter region of the 
factor IX gene; the SNPs prevent the binding of the transcription factor C/EPB and inhibit 
factor IX mRNA expression33. 

Protein levels can also be affected by chemical and structural modifications of the DNA 
molecule, such as methylation. Genes whose promoters are highly methylated are 
transcribed at lower rates than genes with unmethylated promoters34. Different 
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mechanisms for this regulation have been suggested. One suggestion is that DNA 
methylation regulate mRNA expression by preventing transcription factor binding35, like 
the SNPs associated with hemophilia B. Other studies have found that DNA methylation 
brings about a closed chromatin structure36,37 (meaning that the DNA is tightly packed 
and genes in the region are repressed). 

In summary, DNA methylation, like the genetic code, regulates gene expression, but it is 
not carried in the genetic code. Like the genetic code, DNA methylation can be inherited 
from one generation to another, but unlike the genetic code, DNA methylation can be 
affected by the environment. Studies of DNA methylation and other modifications of the 
DNA molecule are collectively termed epigenetics. 

Protein levels can be measured on the scale of hundreds or thousands directly or by 
proxies (such as mRNA), using so-called high-throughput methods. Such methods can be 
very powerful when studying complex diseases, where hundreds or thousands of genes 
can be over- or under expressed. High-throughput methods can perform genome-wide 
analyses of mRNA expression, protein expression, DNA methylation and SNPs. The 
DNA microarray is one of the most common high-throughput methods, and is most 
frequent use is to quantify mRNA. 

1.4.1 DNA microarrays 
A DNA microarray is a glass slide dotted with oligonucleotide (short strands of single-
stranded DNA) probes that are specific to a given gene. The mRNA to be measured is 
converted into a luminescent form that is hybridized to the microarray. The luminescence 
is then detected with a laser scanner; if a gene is being expressed at a high rate, then the 
corresponding probe will generate a strong signal. Commonly, microarray studies are 
case-control studies aimed at identifying genes that are over- or under expressed in 
patients with a given disease compared to healthy controls. In disease relevant tissues 
(e.g. beta cells in type 2 diabetes, or colon tissue in celiac disease) thousands of genes can 
be differentially expressed between patients and controls. 

DNA microarrays have been adapted to carry out genome-wide genetic and epigenetic 
studies. The genome-wide association study (GWAS) is essentially a classical genetic 
study, carried out simultaneously at hundreds of thousands of genetic loci. Using known 
haplotypes, researchers can use the loci measured and impute genetic variants nearby, 
thereby expanding the study to millions of loci. While there are many kinds of disease 
causing mutations (copy number variants, chromosomal translocations etc.), a GWAS 
specifically measures SNPs. 

DNA methylation can also be measured using microarrays. Like GWAS arrays, each 
probe on a DNA methylation microarray is specific to a given genomic loci. However, 
each probe specifically detects the methylated or unmethylated variant. A genomic locus 
can only be methylated or unmethylated in a single cell, but in a cell population the 
methylation at a genomic locus can be described as a proportion of cells. The 
(approximate) proportion of cells that are methylated at a particular locus is defined as the 
β-value. Aberrant DNA methylation has been associated with several disorders38,39. 
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DNA microarray technology emerged around the year 2000 and is still hampered by 
technical and experimental issues. DNA microarrays, like many high-throughput methods 
have relatively low sensitivity and high noise levels; important observations must 
generally be repeated in independent samples or validated using corresponding low-
throughput methods. 

1.4.2 Microarray databases 
The large quantities of data from microarray analyses can be powerful tool in other 
studies aimed at the same cell type or disease. Many scientific journals have adapted an 
open source policy that requires all microarray data used in a publication to be shared 
with the scientific community through an open access database. Any researcher can 
access data from over twenty thousand microarray studies, amounting to hundreds of 
thousands of individual samples at the present time, but these databases grow at an 
exponential rate. 

One important use of microarray databases is to identify mechanisms shared between 
different diseases, as illustrated by a 2004 study of cancer by Segal et al40. Almost two 
thousand microarrays from 22 cancer types were obtained from the public domain. Sets of 
co-expressed genes were identified, some of which were shared between different cancer 
types. Such studies have greatly improved our understanding of cancer and other diseases. 

1.4.3 Experimental design considerations 
Microarray technology has well-known issues pertaining to stability and reproducibility; 
experimental conditions can easily affect the resulting data. However, in a systematic 
evaluation of well-characterized samples, high reproducibility was found between 
microarrays from different manufacturers41. Thus, to produce reliable results microarray 
studies depend on well-characterized biological samples, which can be difficult to obtain 
when studying human disease.  

In many complex diseases the key disease cells are unknown (e.g. in many forms of 
cancer, the cell type of origin is unknown) or can only be isolated by surgical intervention 
(e.g. Parkinson’s and Alzheimer’s disease are neurological diseases that affect the brain). 

For many diseases the disease activating agent is unknown, which may limit studies to in 
vivo case-control studies, where the subject’s lifestyle may affect the results. Many 
diseases have active and inactive phases (e.g. multiple sclerosis symptoms appear in 
lapses); this may introduce further variation into the analysis. 

Studies of complex diseases could be greatly facilitated by using a model disease that 
avoids these issues; disease mechanisms could be identified in the model disease and 
tested in other diseases. Alternatively, general disease mechanisms could be identified in 
different diseases and studied in detail in the model disease. The model disease in this 
work was seasonal allergic rhinitis (SAR, commonly known as hay fever). 
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◄ Figure 1: An overview of cell types 
involved in SAR. The grass pollen is 
presented by a dentric cell to a naïve T 
cell, which differentiates into a Th2 
cell. The Th2 cell releases cytokines 
that activate other immune system cells. 

1.5 SEASONAL ALLERGIC RHINITIS AS A MODEL DISEASE 
SAR is characterized by a runny nose, itching and sneezing. It affects about 10% of the 
population in the developed world42. SAR is caused by an inflammatory response to 
pollen; in allergic individuals the immune system mistakes the harmless particles for an 
infections pathogen. 

As a model for complex disease, SAR has many siginifiant advantages. 

Occurrence: SAR is a common disease, meaning that large numbers of subjects can 
readily be found. Also SAR is a seasonal disease, meaning that patients are symptomatic 
during known time periods. 
Anatomic site: In SAR the allergic inflammation takes place in the nose, meaning that it 
can be observed without surgical intervention. 
Cellular mechanism: The key cells involved are known and can easily be obtained by 
nasal lavage, or from blood samples. 
Disease causing agent: It is known that pollen is the primary disease causing agent. 
Read-out protein: Immune cells trigger the allergic inflammation by releasing certain 
cytokines (see section 1.5.1). Those cytokines can be quantified and used to measure 
disease activation. 

Taken together, these disease properties mean that key disease cells can be obtained from 
patients with SAR and healthy controls. Those cells can then be challenged with the 
disease causing allergen in vitro and then studied with various high-throughput methods. 

1.5.1 Cellular disease mechanism 
SAR is well understood on a cellular level (figure 1). Pollen that is inhaled, like all 
foreign particles, is absorbed and digested by a dendritic cell. It is then presented on an 
MHC class II complex to a naïve CD4+ T cell43,44. 

In healthy controls the T cell drives the immune system towards tolerance. However, in 
allergic patients, the T cell differentiates into a T helper cell that releases cytokines to 
activate other immune cells45. 

There are several different types of T helper cells that release different cytokines. The two 
most well-known are Th1 cells (whose role is to eliminate viral infections) that release the 
cytokine IFNG, and Th2 cells (whose role is to eliminate extracellular parasites) that 

release IL-4, IL-5 and IL-13. Several 
studies have suggested that 
hypersensitivity (which includes SAR) is 
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caused by a Th2-biased immunological response, while autoimmunity is caused by a Th1-
biased immunological response. However, recent studies have discovered other types of T 
helper cells, such as Th17 (that release IL-17) and regulatory T cells (that release IL-10 
and TGF-β). 

In addition, it has been suggested that T helper cells are plastic46; once differentiated into 
one type, they can re-differentiate into a different type. This and other recent discoveries 
call into question the Th1/Th2 hypothesis, but a large body of scientific literature still 
support the important role of Th2 cells in allergic disease44,47,48, making it a potential 
cellular model of SAR. 

1.5.2 Genetic and epigenetic disease causes 
Previous studies have implicated both genetic and epigenetic mechanisms in SAR.  

The genetic and epigenetic contribution to a disease can be measured by concordance 
studies in monozygous twins. Since monozygous twins have identical genomes, a disease 
that is entirely genetic will always be shared between them, but epigenetic diseases will 
not. In SAR the concordance rate is around 50%49. 

A genome-wide association study has detected some genetic variation associated with 
SAR50, but the recent rise in incidence cannot arise from genetic disease causes. 
However, genome-wide analyses of epigenetics in SAR have been lacking. 

DNA methylation has been implicated in inflammatory diseases, for example SLE51-53. 
DNA methylation has a well-known role in T cell differentiation54; remodeling of DNA 
methylation at the IL2, IL4 and IFNG loci is required for appropriate Th1/Th2 
specification55,56. These studies support the importance of DNA methylation in SAR. 

1.5.3 Modeling the model disease 
The disease process in SAR can be carried out and studied in vitro57,58. Specifically, blood 
is obtained from allergic patients and healthy controls outside of the season. Peripheral 
blood mononuclear cells (PBMCs), that contain all the key immune cells, are purified and 
cultured in vitro with grass pollen extract for one week. T cells are then extracted, using 
the CD4 receptor as a marker, and analyzed using DNA microarrays and other methods. 

Another model for SAR is Th2 polarized T cells. Essentially, naïve T cells from buffy 
coat are activated using anti-CD3 antibodies and polarized to Th2 cell using IL-4. 
Polarized Th2 cells resemble the in vivo disease activation less than allergen-challenged 
CD4+ cells and are impractical for patient-control comparisons (since no allergen is 
involved). However, polarized Th2 cells are a purer cell population and don’t have the 
same requirement regarding culture times. This makes them more practical for certain 
analyzes, such as RNA interference (RNAi) knockdown experiments. 

RNAi knockdown uses short strands of RNA that target and degrade a given mRNA. 
Thus, a given gene is down regulated at the transcriptional level, allowing its function to 
be characterized in a given biological context. Allergen-challenged CD4+ cells are not 
suitable for RNAi knockdown; the allergen challenge is carried out in PBMCs, which is a 
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mixed cell population – knocking down a given gene could have diverse effects on 
different cell types.  

  



23 
 

2 AIMS AND HYPOTHESIS 
The general aim of this dissertation was to understand systems properties of complex 
diseases using network-based methods. We hypothesized that important disease-
associated genes would be distinguished by their network properties.  

Specific aims: 

I. To investigate network properties of genes harboring disease-associated 
polymorphisms identified by GWAS. 

II. To investigate network properties of disease-associated genes with pleiotropic 
effects. 

III. To identify and analyze disease networks by mapping disease related genes 
identified by mRNA expression microarrays and GWAS onto the human protein-
protein interaction network. 

IV. To analyze how disease-associated mRNA expression changes relate to DNA 
methylation and transcription factor binding. 
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3 MATERIAL AND METHODS 

3.1 STUDY SUBJECTS 
We recruited patients with seasonal allergic rhinitis (SAR) and matched healthy controls 
of Swedish origin at The Queen Silvia Children’s Hospital, Gothenburg. SAR was 
defined by a positive seasonal history and a positive skin prick test or by a positive 
ImmunoCap Rapid (Phadia, Uppsala, Sweden) to birch and/or grass pollen. Patients with 
perennial symptoms or asthma were not included. The healthy subjects did not have any 
history for SAR and had negative ImmunoCap Rapid tests. This study was approved by 
the ethics board of University of Gothenburg and all participants provided written consent 
for participation. 

3.1.1 Cohort 1 
This cohort consisted of 12 allergic patients (3 female and 9 male). The mean age ± SEM 
age was 22.9 ± 0.56. This cohort was used for the mRNA expression analysis in paper III.  

3.1.2 Cohort 2 
This cohort consisted of 4772 individuals from the North Finland Birth Cohort 1966. All 
subjects were 31 years old when samples were collected. 

3.1.3 Cohort 3 
This cohort consisted of 12 allergic patients (7 female and 5 male) and 12 healthy 
controls (7 female and 5 male). The mean age ± SEM age was 28.3 ± 3.5 for the patients 
and 27.3 ± 3.1 for the healthy controls. This cohort was used for the DNA methylation 
analysis in paper IV. 

3.1.4 Cohort 4 
This cohort consisted of 21 allergic patients (11 female and 10 male) and 21 healthy 
controls (11 female and 10 male). The mean age ± SEM age was 25.4 ± 1.7 for the 
patients and 25.7 ± 2.2 for the healthy controls. This cohort was used for the mRNA 
expression analysis in paper IV. 

3.1.5 Cohort 5 
This cohort consisted of 6 allergic patients (2 female and 4 male) were recruited. The 
mean age ± SEM was 26.0 ± 1.0. This cohort was used for the ChIP-on-chip analysis in 
paper IV.  

3.2 ALLERGEN CHALLENGE 
Allergen challenge was carried out on PBMCs from all allergic patients and healthy 
controls in cohort 1, 3, 4 and 5 for subsequent CD4+ cell purification and microarray 
analysis.  

PBMCs were prepared from whole blood by centrifugation on Ficoll-Hypaque and 
washing. PBMCs were then stimulated in microtiter wells with grass pollen extract 
(ALK-Abelló A/S, Hörsholm, Denmark; 100 µg/mL) and cell culture medium at a density 
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of 106 cells/mL in a total volume of 2 mL per well. After seven days of incubation at 37 
oC and 5 % CO2 the CD4+ cells were enriched from the allergen-challenged PBMCs by 
using anti-CD4-coated paramagnetic microbeads and a MACS system according to the 
instructions of the manufacturer (Miletnyi Biotech GmbH, Bergisch Gladbach, Germany). 

3.3 GENOMIC ANALYSES 

3.3.1 mRNA expression microarrays 
1 week allergen-challenge: Allergen-challenged CD4+ cells from allergic patients and 
diluent challenged controls were lysed using 600µl Qiazol. cRNA was extracted from 200 
ng total RNA using Ambion's Illumina RNA TotalPrep Amplification kit (Ambion, Inc., 
U.S.A.). In vitro transcription (IVT) reaction and cRNA biotinylation was performed 
overnight (14 h). The RNA/cRNA concentrations where checked using Nanodrop ND-
1000 before and after the amplifications. cRNA quality was controlled by BioRad's 
Experion electrophoresis station (Bio-Rad Laboratories, Inc., CA, U.S.A.). 

Cell pellets were disrupted and homogenized in QIAzol with TissueRuptor (Qiagen), and 
total RNA was isolated following the miRNeasy Mini protocol (Qiagen). 200ng total 
RNA was used in the amplification and labeling reaction. 1.5μg of biotin labeled cRNA 
was used to hybridise onto Illumina Human-6 v3 Expression BeadChips. 

17h allergen-challenge: After short term allergen-challenge CD4+ cells from allergic 
patients and diluent challenged controls were lysed using 600µl Qiazol. Total RNA was 
isolated using the miRNeasy Mini Kit from Qiagen (Qiagen GmbH, Hilden, Germany), 
according to the instructions of the manufacturer. The RNA samples were analyzed with 
Agilent SurePrint G3 Human Gene Expression.  

3.3.2 DNA methylation microarrays 
Allergen-challenged CD4+ cells from allergic patients and diluent challenged controls 
were lysed with 650µl RLT buffer and DNA was extracted using the AllPrep DNA/RNA 
96 Kit from Qiagen (Hilden, Germany), according to the instructions of the manufacturer. 

For the bisulfite conversion, 500 ng DNA from each sample were used as input. Each 
sample was hybridized to an Illumina HumanMethylation27 DNA Analysis BeadChip 
array and scanned using the Illumina BeadArray Reader. After scanning, the image files 
of each beadchip were extracted in GenomeStudioV2009.2 Methylation ModuleV1.5.5. 

CpG island genes and non CpG island genes were defined as such based on the 
annotation of the DNA methylation array. 

3.3.3 Chromatin immunoprecipitation microarrays 
PBMCs from six patients were stimulated with allergen as described and were treated 
with 1% formaldehyde for 15 minutes at room temperature. The cross linking reaction 
was neutralised by the addition of glycine to a final concentration of 125 mM. CD4+ cells 
were isolated and chromatin was isolated by adding lysis buffer, followed by disruption 
with a Dounce homogenizer. Lysates were sonicated and the DNA sheared to an average 
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length of 300-500 bp DNA (Input) was prepared by treating aliquots of chromatin with 
RNase, proteinase K and heat for de-crosslinking, followed by ethanol precipitation. 
Factor binding was detected using an antibody against IRF4 (sc-6059, Santa Cruz 
Biotechnology, Santa Cruz, CA, U.S.A.) and transcription was detected using an antibody 
against RNA polymerase II (sc-9001, Santa Cruz Biotechnology, Santa Cruz, CA, 
U.S.A.). Complexes were washed, eluted from the beads with SDS buffer, and subjected 
to RNase and proteinase K treatment. Crosslinks were reversed by incubation overnight at 
65 C, and ChIP DNA was purified by phenol-chloroform extraction and ethanol 
precipitation. Quantitative PCR (QPCR) reactions were carried out in triplicate on 
specific genomic regions using SYBR Green Supermix (Bio-Rad). The resulting signals 
were normalized for primer efficiency by carrying out QPCR for each primer pair using 
Input DNA.  

ChIP and Input DNAs were amplified using either random priming or whole-genome 
amplification (WGA). For random priming, a fixed sequence of 17 bases containing nine 
random bases at the 3' end was used in four linear amplification reactions using 
Sequenase (USB). Following purification, the randomly primed ChIP DNA was amplified 
for 30 cycles using a fixed sequence primer. For WGA, the GenomePlex WGA Kit 
(Sigma) was used. The resulting amplified DNA was purified, quantified, and tested by 
QPCR at the same specific genomic regions as the original ChIP DNA to assess quality of 
the amplification reactions. Amplified DNA was fragmented and labelled using the DNA 
Terminal Labeling Kit (Affymetrix, Inc. U.S.A.) and then hybridized to Affymetrix 
GeneChip Human Promoter 1.0R arrays at 45 °C overnight. Arrays were washed and 
scanned, and the resulting CEL files were analyzed using Affymetrix tiling analysis 
software, TAS. Thresholds were selected, and the resulting BED files were analyzed 
using Genpathway ChAS software that provides comprehensive information on genomic 
annotation, peak metrics and sample comparisons for all peaks (intervals). 

3.4 RNAI KNOCKDOWN 
Human CD4+ T cells were isolated from fresh buffy coats with Miltenyis CD4+T Cell 
Isolation Kit II according to the manufacturer’s instructions. 2 million cells were 
transfected using the Nucleofector Technology provided by Amaxa (Lonza), program U-
014. Isolated cells were either transfected with nucleofection buffer, 600nM on target plus 
SMART pool siRNA against IRF4 or non targeting siRNA (Dharmacon, Lafayette, CO, 
USA). Six hours after the nucleofection cells were washed, activated and polarized 
towards Th2 for 36 hours. After polarization cells were lyzed in 600µl Qiazol.  

The gene expression analysis was performed using the SurePrint G3 Human GE 8x60k 
Microarray kit (Aglient Technologies, Palo Alto, CA, USA) according to the 
manufacturer’s instructions. To account for genes with different dynamics, we performed 
microarray analysis after 12 and 36 hours of polarization. Differentially expressed genes 
were determined using the lmFit function in the Bioconductor package LIMMA. Genes 
with an adjusted p-value below 0.1 at either time point were defined as differentially 
expressed. 
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3.5 DATA SOURCES 

3.5.1 Protein-protein interactions 
In paper I, PPIs were obtained from the Human Reference Protein Database (HPRD)59. 
HPRD is based on manual curation of literature and only contains physical PPIs. In paper 
II, we used a PPI data compiled from several different databases60. In paper III, we used 
the PPI database STRING15, which contains both physical and functional PPIs. STRING 
is compiled from both manually curated sources and genomic data.  

3.5.2 mRNA expression data 
The public domain mRNA expression datasets were obtained from the Gene Expression 
Omnibus (GEO). 

The tissue expression analysis in paper II was based on the GNF Sym Atlas based on 79 
human tissues and cell lines. The dataset has been removed from GEO and can be 
accessed through BioGPS. 

To validate results from grass pollen-challenged CD4+ cells we used a dataset of house 
dust mite-challenged CD4+ cells (GEO accession GSE14908). 

3.5.3 Genes harboring disease-associated SNPs 
Genes harboring disease-associated polymorphisms identified by GWAS used in paper I 
were obtained from ‘A Catalog of Published Genome-Wide Association Studies’61. 

The monogenic disease genes used in paper I were previously compiled by Jimenez-
Sanchez et al. 

The disease-associated genes used in paper II were obtained from MorbidMap, of the 
Online Mendelian Inheritance of Man (OMIM). 

3.5.4 Essential genes 
We defined essential genes as previously described13, by human orthologs of mouse 
genes, that resulted in lethal phenotype in embryonic and postnatal stages upon knockout. 
The list was obtained from the Mouse Genome database62.  

3.5.5 Ethical considerations 
The subjects in cohort 1, 3, 4 and 5 contributed blood samples for microarray analysis for 
paper III and IV. These studies were approved by the ethics board of University of 
Gothenburg. 

Paper III also included genotype data from the North Finland Birth Cohort 1966. All 
aspects of the this study were reviewed and approved by the Ethics Committee of the 
University of Oulu. 

All participants gave written informed consent.  
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▲ Figure 2: (A) Complex Disease Network (CDN). Each node is a complex disease 
studied in GWAS with the link representing sharing of disease genes. The colors of the 
nodes correspond to disease class as defined by MeSH (Medical Subject Headings) 
terms, given on the right side. (B) Complex Disease Gene Network (CGN): Each node 
represents a gene and connections between two genes represent their association with 
the same disease. The node size refers to the number of diseases a gene is associated 
with. 

4 RESULTS AND DISCUSSION 

4.1 COMPLEX DISEASE GENE NETWORK 
These results were reported in paper I. 

In this study, we examined the network properties of disease-associated genes reported by 
GWAS61 (such genes were termed complex disease genes). We obtained an online 
catalogue of such genes to construct a complex disease network (CDN) and a complex 
disease gene network (CGN). In the CDN every node was a disease and all diseases that 
were associated with the same gene were connected. In the CGN every node was a gene 
and any genes associated with the same disease were connected (figure 2).  
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Notably, the database contained disease-associated SNPs with a moderate significance of 
P < 10-5. Due to the large number of SNPs measured in a GWAS, to avoid false positives, 
the genomic significance threshold is usually set at P < 10-7 or lower63. 

The CDN consisted of 54 nodes and 41 edges; only 26 of the diseases had any 
interactions with other diseases. In other words, many diseases, including many types of 
cancer, did not share any genes with other diseases. 

Since GWAS generally detect genetic variants with a high minor allele frequency and 
large effect size (referred to as high-profile variants), the number of genes associated with 
a given disease is indicative of the genetic architecture of the disease. The number of 
genes associated with each disease varied greatly; type 1 diabetes and MS were 
associated with 36 genes each while 17 other diseases were associated with only one 
gene. These numbers could also be greatly affected by the sample size in each study; due 
to the large number of SNPs measured, GWA studies have relatively low sensitivity. 
Large sample sizes are essential to manage this issue. 

Furthermore, many diseases of the same class (for example, cancers) were not connected 
in the CDN. This could change as more genome-wide association data becomes available, 
but could also indicate that current disease classification does not reflect underlying 
genetics. Another explanation could be that GWA studies primarily detect high-profile 
variants; other genes with a moderate effect on disease may reflect disease classification 
to a higher degree. 

The CGN consisted of 349 nodes and 3440 interactions. 214 of the genes belonged to a 
single giant component. A small number of genes were associated with multiple diseases, 
most of them connecting diseases in the giant component. HLA-DQA1, HLA-DRB1, 
CDKN2A, CDKN2B, IL23R and HLA-E were associated with more than two diseases. 
With the exception of CDKN2A and CDKN2B these genes encode surface receptor 
proteins with roles in the immune system. The HLA-DQA1, HLA-DRB1 and HLA-E gene 
products are involved in the recognition of foreign pathogens64. 

Of all genes that were associated with the same disease (i.e. connected in the CGN) 
13.3% shared at least one Biological Process GO term, compared to 8.9% for genes 
associated with different diseases (P = 1.9 x 10-12). They were also more likely to share a 
protein-protein interaction compared to genes associated with different diseases (P = 
5.1×10−5). 

This confirmed the co-localization of disease-associated genes in the PPI network and 
supported that each disease formed a module in the network. 

4.2 NETWORK PROPERTIES OF GENES HARBORING DISEASE-
ASSOCIATED POLYMORPHISMS 

These results were reported in paper I and II. 

We also used disease-associated genes identified by GWAS to examine if disease-
associated genes have distinguishing properties in the PPI network. Previous studies in 
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this field have been based on disease-associated genes obtained from the existing 
scientific literature. 

4.2.1 Centrality of disease-associated genes 
Previous studies have shown that disease-associated genes are semi-connected in the 
human protein-protein interaction network26. However, many of these disease genes were 
associated with rare, Mendelian diseases. We therefore called such genes monogenic 
disease genes65. Furthermore, many of the monogenic disease genes were reported by 
small-scale, hypothesis based studies. By contrast, GWA studies often detect many genes 
associated with the same disease (i.e. complex disease genes). Possibly, they don’t have 
enough impact to cause disease individually and should therefore be less central. 

Using three different measures of centrality (degree, closeness and eccentricity), we found 
that complex disease genes had higher centrality than non disease genes, but lower 
centrality than monogenic disease genes (see table I). 

 

Degree 
(p-value) 

Closeness 
(p-value) 

Eccentricity 
(p-value) 

Monogenic disease genes 13.3 
(6.4x10-4) 

0.25 
(0.05) 

9.6 
(7.3x10-4) 

Complex disease genes 9.5 0.24 9.8 

Non disease genes 5.8 
(6.3x10-4) 

0.23 
(0.03) 

9.9 
(0.008) 

Table I: Centrality measures for monogenic disease genes, complex disease genes and 
non disease genes. P-values pertain to comparisons with the complex disease gene 
category. 

These findings agreed with the correlation between network centrality and phenotypic 
impact; complex disease genes, that may not have enough impact to cause disease 
individually, were less central than monogenic disease genes but more central than non 
disease genes. 

4.2.2 Centrality of disease-associated genes with pleiotropic effects 
It has been shown that disease-associated genes involved in more than one disease 
(shared disease genes) are more central than disease-associated genes involved with only 
one disease (specific disease genes)26. The general assumption has been that genes that 
can cause more than one phenotype participate in different cellular processes. They are 
therefore connected to many PPI modules and receive a high centrality in the network. 

However, previous studies of the network properties of shared disease genes have not 
taken phenotypic divergence into account. For example, if a gene is associated with two 
phenotypically similar diseases (e.g. celiac disease and Crohn’s disease, that are both 
inflammatory diseases of the gastrointestinal tract) then the gene should be more like 
specific disease genes compared to a gene that causes phenotypically divergent diseases 
(e.g. celiac disease and Alzheimer’s disease). 
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We hypothesized that two genes that were associated with phenotypically divergent 
diseases would be more central than genes associated with phenotypically similar 
diseases. 

First, we verified that the dataset used in this study showed higher centrality for shared 
disease genes compared to specific disease genes. Indeed, shared disease genes showed 
significantly higher centrality as defined by degree, closeness, eccentricity and 
betweenness (see table II). 

Next, we divided shared disease genes into phenodiv and phenosim disease genes as 
defined by phenotypic similarity score66. A given gene was assigned the phenotypic 
similarity score of the two least similar diseases associated with the given gene. Thus, a 
gene associated with two dissimilar diseases would receive a low phenotypic similarity 
score. 

Genes with a phenotypic similarity score higher than the median similarity score (0.33) 
were defined as phenosim genes (n=238); the remaining genes were defined as phenodiv 
genes (n=234). Comparisons between phenodiv and phenosim genes showed that 
phenodiv genes were more central than phenosim genes according to comparisons of all 
four centrality measures. In fact, phenosim genes had mean degree, eccentricity and 
betweenness similar to specific genes. To verify that the cutoff was not the underlying 
reason for this difference, we also examined the correlation between phenotypic similarity 
and centrality. We found a significant negative correlation between phenotypic similarity 
and centrality as defined by degree, closeness and betweenness (Spearman's rho= -0.24, -
0.23 and -0.26; P < 0.001 for all comparisons) and a positive correlation between 
phenotypic similarity and eccentricity (Spearman's rho= 0.19; P < 0.001). 

 
Degree Closeness Eccentricity Betweenness 

 
Mean P-value Mean P-value Mean P-value Mean P-value 

Specific 13.29 
<0.001 

0.26 
<0.01 

8.65 
>0.001 3.30x10-4 

<0.001 
Shared 16.28 0.26 8.61 5.90x10-4 
Phenosim 12.72 

<0.001 
0.27 

<0.001 
8.75 

>0.01 3.10x10-4 
<0.001 

Phenodiv 20.44 0.27 8.47 8.70x10-4 
Table II: Centrality measures for specific, shared, phenosim and phenodiv disease genes. 

Since phenodiv genes had high centrality and could cause diverse phenotypes, we 
hypothesized that they acted as intermodular hubs involved in signal transduction 
between different modules25. Since phenodiv genes were similar to essential genes in 
terms of degree and closeness, we used it as reference set to minimize the risk that other 
network properties would affect other comparisons.  

Phenodiv genes had significantly higher betweenness (Mann-Whitney P < 0.001) and 
lower clustering coefficient (Mann-Whitney P = 0.018) than essential genes. Both of 
these observations suggested that phenodiv genes had intermodular positions in the PPI 
network. 
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Furthermore, we examined to what extent phenodiv genes were co-expressed with their 
interactors. Intermodular hubs have been shown to be less co-expressed with their 
interactors compared to intramodular hubs25. Using a catalogue of mRNA expression data 
from 79 human tissues and cell lines, we found that shared disease genes were 
significantly less co-expressed with their interactors compared to essential genes (Mann-
Whitney P < 0.001) and specific disease genes (Mann-Whitney P < 0.001). There was no 
significant difference between phenosim and phenodiv genes. 

Finally, we used GO term enrichment to determine the functions of phenodiv genes and 
essential genes. Phenodiv genes were associated with catalytic activity and signal 
transduction, and located in the cytoplasm and membrane. By contrast, essential genes 
were associated with protein binding and nucleic acid binding, and located in the nucleus, 
organelles and intracellular membranes. 

Taken together, these results suggested that phenotypic divergence is associated with 
higher centrality. Also phenodiv genes tend to be intermodular hubs that transduce signals 
between functional modules, while essential genes tend to be intramodular hubs that 
participate in nucleic functions. 

4.3 DISEASE MODULES IN PPI NETWORK 
These results were reported in paper III. 

In this study, results from previous studies were used to identify disease modules in the 
human PPI network. Previous analyses have shown that genes harboring SNPs associated 
with a given disease tend to co-localize in the PPI network13,26-28. Furthermore, the effect 
of disease-associated genes propagates through the PPI network30-32, which could cause 
differentially expressed genes to be co-localized with SNP harboring genes. We therefore 
hypothesized the most interconnected genes in modules of differentially expressed genes 
would be enriched with disease-associated SNPs. 

The first step in this study was to identify the modules formed by differentially expressed 
genes in the human PPI network (figure 3a-c). Such modules were termed susceptibility 
modules (SuMs). We then identified core SuMs, the most interconnected genes in the 
SuMs (figure 3d). Finally, core SuM genes were tested for enrichment with disease-
associated SNPs (figure 3e). 

This analysis was first carried out using mRNA expression data and GWAS data from the 
public domain, pertaining to 13 complex diseases. We then carried out a case study on 
SAR. 

The enrichment of disease-associated genes in core SuMs of all 13 diseases was tested 
using a permutation test. In each permutation, every disease-associated gene was replaced 
by a random gene. The number of randomized disease-associated genes found in their 
respective core SuMs was added up. This process was repeated 10 000 times and 
compared to the unrandomized disease-associated genes. The p-value corresponded to the 
ratio of random permutations that found an equal or higher number of disease-associated 
genes in their respective core SuMs. 
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The systematic analysis of 13 diseases 
showed that 13 SNP harboring genes were 
found in each disease’s core SuM, compared 
to 2.76 genes expected by random (P < 
0.001). To determine that the result was not 
contingent on the 10% cutoff to define core 
SuMs, we repeated the analysis at cutoffs 
varying from 100% to 1% of the SuMs; at 
100% the core SuMs were equivalent to the 
SuMs. We found that the enrichment of SNP 
harboring genes in the core SuMs increased 
steadily with more stringent cutoffs. 
However, below the 10% threshold, the 
number of observations (number of genes in 
the core SuMs) remaining was so low that the 
statistical power diminished noticeably.  

Another intriguing observation was that the core SuMs from different diseases tended to 
overlap (figure 4a). We therefore hypothesized that the union of all 13 core SuMs was 
enriched for genes associated with all human diseases. We obtained 1570 disease-
associated genes, identified by GWAS, pertaining to all 145 diseases included in a public 
database61 and examined their enrichment in the union of core SuMs. We found that their 
enrichment was 2.52-fold (P < 10-18). Furthermore, we examined the enrichment of genes 
that were shared between different diseases, and found a correlation between the number 
of diseases associated with each gene and their enrichment in the core SuMs (figure 4b). 
For example, the number of genes associated with more than one disease showed a 3.1-
fold enrichment in the core SuM union (P < 10-6), and genes associated with more than 
four diseases showed a 9.1-fold enrichment (P < 10-3). 

These observations went in line with previous studies that had demonstrated distinctive 
network properties for specific and shared disease-associated genes. Furthermore, we 
found a relation between modules of SNP harboring disease genes and differentially 
expressed genes. 

◄ Figure 3: Overview of study. (a) Maximal 
cliques were obtained from a human PPI 
network. (b) Disease-associated cliques were 
identified by selecting those that were 
enriched for differentially expressed genes. 
(c) Those cliques were mapped onto the PPI 
network, resulting in the identification of a 
SuM of overlapping cliques. (d) A core SuM 
was identified using average shortest path 
length. (e) This core SuM was validated by 
showing enrichment for GWAS genes. 
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Following this analysis, we carried out a case study of SAR using in-house mRNA 
expression data and GWAS data. The mRNA expression data was obtained from 
allergen-challenged and diluent-challenged CD4+ cells from patients with SAR (cohort 1) 
and was used to identify a SuM in SAR (see cover). We then identified the core SuM and 
examined if those 119 genes were enriched for disease-associated SNPs identified by a 
GWAS of the North Finland Birth Cohort50 (cohort 2). 

Having access to the full GWAS dataset (rather than only the disease-associated genes 
reported in the public database) enabled a more detailed statistical analysis of SNP 
enrichment. We defined disease-associated SNPs (both measured and imputed) at a 
relatively sensitive threshold (p < 0.01). The likelihood that intragenic SNPs in the core 
SuM genes would be disease-associated was 3.4 times higher, compared to random SNPs 
(P = 10-5).  

These SNPs resided within two genes, MAPK8 and FGF2. We determined FDR at 5% for 
all SNPs in the core module, which identified 4 significant SNPs, all within the gene 
FGF2. FGF2 has not previously been studied in the context of SAR. 

To validate the importance of FGF2 for SAR, we carried out RNAi knockdown of FGF2 
in Th2 polarized cells, followed by mRNA expression microarray analysis. FGF2 
expression was knocked down 57% and resulted in differential expression of 146 genes, 
including several genes of known relevance for type 1 allergic inflammation MAFB and 
NFKB1. They were also enriched in several pathways of potential relevance for the 
disease, several of which related to IL-17 signaling. 

▲ Figure 4: (a) Heatmap showing similarity between core SuMs and SuMs. The color 
intensity represents similarity, defined by Jaccard similarity index; core SuMs show a 
higher overlap than SuMs. (b) In an extended analysis of GWAS genes of 145 other 
diseases, the union of the core SuMs was enriched with GWAS genes. This enrichment 
increased with disease gene pleiotropy. 
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4.4 DISEASE-ASSOCIATED GENE REGULATION IN SAR 
These results were reported in paper IV. 

The aim of this project was to examine the role of DNA methylation and transcription 
factors in the regulation of mRNA expression in allergen-challenged CD4+ cells.  

4.4.1 DNA methylation microarray analysis 
We first carried out allergen challenge of PBMCs from patients with SAR and healthy 
controls (cohort 3). CD4+ cells were then purified and analyzed using DNA methylation 
microarrays. 

Go get an overview of the variation in the DNA methylation data, we first examined how 
well the data could distinguish patients with SAR from healthy controls, using network 
theoretical algorithms67. In short, a network was constructed where every node was a 
subject while interactions between subjects were weighted based on the similarity 
between their DNA methylation profiles. If DNA methylation could distinguish patients 
from controls, then patients and controls would be more similar to other subjects from the 
same group. This analysis showed that similarity between patients and controls were 
lower than correlations within the patient and healthy group (figure 5A). All 12 patients 
and 12 controls could be accurately identified as such, using leave-one-out validation. 
However, in diluent challenged CD4+ cells the separation between patients and controls 
was not as clear (figure 5B). 

In other words, DNA methylation patterns were similar in diluent challenged CD4+ cells 
from patients and controls but distinctly different after allergen challenge; allergen 
challenge affected DNA methylation in CD4+ cells in from patients and controls 
differently. A PCA showed how patients and controls were similar in diluent challenged 
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cells, but were affected differently by allergen challenge. 

We used a mixed linear model to identify the genomic sites where allergic patients and 
healthy controls responded differently to allergen challenge (e.g. genes whose DNA 
methylation increased in allergic patients but decreased in healthy controls). Genes 
downstream of such sites were termed as having disease-associated methylation changes 
(DAm genes, figure 5C-D). 

Genes that are co-expressed tend to share the same function and be connected by PPIs. 
We examined if this was also true for the DAm genes, since they were co-methylated. 
However, we did not find that they were significantly more likely to share PPIs or GO 
term biological functions, compared to random genes. This suggested that many of the 
DAm genes were not related to mRNA expression genes. 

4.4.2 mRNA expression microarray analysis 
In order to examine the relationship between the DAm genes and mRNA expression 
changes, we carried out the same analysis on mRNA expression data. In other words, we 
performed an mRNA expression microarray analysis on allergen-challenged and diluent-
challenged CD4+ cell from patients with SAR and healthy controls (cohort 4). 

Unlike the DNA methylation data, mRNA expression data could not separate patients 
from controls in allergen-challenged or diluent challenged CD4+ cells (data not shown). 
In order to identify genes whose mRNA expression responded differently to allergen 
challenge in patients and controls (corresponding to DAm genes) we applied the mixed 
linear model used to identify genes with disease-associated mRNA expression changes. 
Those genes were termed DAe genes. 

To confirm that this result was not caused by the time point, since mRNA expression is 
known to be highly dynamic, we repeated the analysis using cells that had been 
challenged for a shorter time period (17 hours). We also examined a dataset obtained 
from a public microarray database68. This dataset described allergen-challenged CD4+ 
cells from allergic patients with house dust mite allergy and healthy controls.  

Unlike DAm genes, DAe genes were significantly more likely to share PPIs and GO 
biological functions compared to random genes (P = 0.0049 and P = 0.0025 respectively). 

◄ Figure 5: (A) Methylation data from allergen-challenged CD4+ cells showed clear 
separation between allergic patients and healthy controls. (B) Methylation data from 
diluent-challenged CD4+ cells did not show separation between patients and controls. 
(C) PCA plot showing changes in DNA methylation from diluent challenged cells (start 
of arrows) to allergen-challenged cells (end of arrows). While patients and controls were 
similar in diluent-challenged cells, allergen challenge affected healthy controls and 
allergic patients differently. (D) Heatmap of 1000 most significant DAm genes, showing 
methylation differences between allergen-challenged and diluent-challenge in patients 
compared to controls. Blue cells indicate de-methylation and red cells indicate the 
opposite. 
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We also found that the DAe genes showed similar expression patterns in CD4+ cells 
challenged for 17 hour, and the dataset from the house dust mite study. 

In other words, although the DAe genes could not separate patients from controls as 
clearly as DAm genes, they did share the same functions and were re-producible in two 
other datasets. 

Furthermore, DAe genes were enriched for Gene Ontology (GO) Biological Functions 
functions relating to the immune system and included several important cytokines (IL3, 
IL4, IL5), transcription factors (GATA3, NFATC1, NFATC2) and other genes (TNFSF4, 
TNFRSF4, IL17RB, IL9R).  

However, we did not observe a correlation between disease-associated mRNA expression 
changes and disease-associated DNA methylation changes. The DAe genes were not 
enriched among DAm genes. 

4.4.3 Disease-associated mRNA expression changes in low methylation 
genes 

The role of DNA methylation in mRNA expression regulation is well known69. The lack 
of correlation between disease-associated mRNA expression and DNA methylation could 
be due to the small quantitative differences in DNA methylation between allergic patients 
and healthy controls. Another explanation could be that previous studies of DNA 
methylation have focused on CpG islands (CGIs)70. If DNA methylation affects genes 
without CGIs in their promoter regions (non-CGI genes) and genes with CGIs in their 
promoters (CGI genes) differently, this may obscure correlations between mRNA 
expression and DNA methylation. 

We first examined the relation between genes with high or low DNA methylation levels, 
and genes mRNA expression levels, without taking differences between allergic patients 
and healthy controls into account. DNA methylation levels showed a bimodal distribution 
where most genes had β-values above 0.6 or below 0.3. We therefore divided genes into 
high methylation (HMe) genes and low methylation (LMe) genes and compared their 

mRNA expression levels. In accordance 
with previous studies, LMe genes 

◄ Figure 6: (A) Most genes showed 
either low methylation (green) or high 
methylation (purple). Low methylation 
genes (LMe genes) showed significantly 
stronger mRNA expression than high 
methylation genes (HMe genes) (B) 
Genes whose expression reacted 
differently to allergen challenge in 
allergic patients compared to healthy 
controls (DAe genes) were over-
represented among LMe genes without 
CpG islands. 
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showed significantly higher mRNA expression than HMe genes (2.85-fold; P < 10-15; see 
figure 6A). In other words, there was a clear correlation between mRNA expression and 
DNA methylation, but the relation between disease-associated DNA methylation and 
disease-associated mRNA expression was more complex. 

We then examined the difference between CGI genes and non-CGI genes. Most CGI 
genes were LMe genes and most non-CGI genes were HMe genes, which is in agreement 
with previous studies70. Also in line with previous studies GO term enrichment analysis 
showed that CGI genes tended to be associated with housekeeping functions. Meanwhile 
non-CGI genes were associated with immune system functions. 

We examined the distribution of DAe genes among HMe genes compared to LMe genes 
using Fisher’s Exact Test. The analysis showed that DAe genes were enriched among the 
LMe genes within both the CGI gene category (OR = 1.55; P < 0.05) and non-CGI gene 
category (OR = 2.37; P < 10-5). Since DAe genes were enriched among the LMe genes, 
we proceeded to compare LMe genes in the CGI and non-CGI gene categories directly. 
This analysis showed that DAe genes were enriched among non-CGI genes (OR = 1.78; P 
< 10-3; see figure 6B). Since DAe genes were enriched in the non-CGI LMe category, we 
examined the overlap between DAe genes and DAm genes specifically within this 
category. The enrichment of DAe genes among the DAm genes was significant 
(OR=2.01; P < 0.05). 

This analysis suggested that while we did not observe any correlation between DAe genes 
and DAm genes on a genome-wide scale, DAe genes could be regulated by methylation 
in the non-CGI LMe category. 

4.4.4 Transcription factor binding 
The enrichment of DAe gene in the non-CGI LMe category prompted us to examine if a 
known disease-associated transcription factor in SAR, IRF4, was also associated with 
LMe genes without CGIs. IRF4 targets 
were identified using ChIP-on-chip 
analysis of allergen-challenged CD4+ 
cells (cohort 5). 

► Figure 7: IRF4 targets detected by 
ChIP-chip analysis (Upper Left) and 
IRF4 regulated genes detected by RNAi 
downregulation (Upper Right) were 
over-represented among LMe genes 
without CpG islands. By comparison, 
RNApolII targets (Lower Left) were 
highly over-represented among LMe 
genes with CpG islands. Over-
representation was determined in 
relation to all genes (Lower Right). 
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To determine if IRF4 targets, like DAe genes, were enriched among LMe non-CGI genes, 
we repeated the same set of analyses. IRF4 targets, like DAe genes, showed an 
enrichment among LMe genes compared to HMe genes in both the CGI gene category 
(OR = 6.55; P < 10-13) and the non-CGI gene category (OR = 21.2; P < 10-15). The direct 
comparison between LMe CGI genes and LMe non-CGI genes showed that like DAe 
genes, IRF4 targets were also enriched among non-CGI genes (OR = 1.43, P < 0.05; 
figure 7). 

To validate that LMe non-CGI genes were regulated by IRF4, we carried out RNAi 
mediated knock down of IRF4 followed by microarray analysis. 1551 genes were 
significantly differentially expressed and defined as IRF4 regulated genes. We again 
examined their distribution among LMe and HMe genes in the CGI gene and non-CGI 
gene categories. IRF4 regulated genes were significantly enriched among LMe genes 
compared to HMe genes among non-CGI genes (OR = 2.51; P < 0.01), but not among 
CGI genes (P = 0.28). Like DAe genes, IRF4 regulated genes were overrepresented 
among LMe non-CGI genes compared to LMe CGI genes (OR = 3.12, P < 10-4). 

The previous analysis suggested that a disease related transcription factor tended to 
regulate LMe non-CGI genes, that were also enriched with DAe genes. To compare 
results relating to IRF4 to a non disease related transcription factor, we also carried out 
ChIP-chip analysis on RNA polymerase II (RNApolII). We found that RNApolII targets 
were enriched among LMe genes compared to HMe genes in both the CGI gene category 
(OR = 9.80; P < 10-15), and in the non-CGI gene category (OR = 18.6; P < 10-14). 
However, the direct comparison between LMe CGI genes and LMe non-CGI genes 
showed a disparity with DAe genes; RNApolII targets were enriched among CGI genes 
(OR = 2.00, P < 10-4). 

This demonstrated that the both the targets of a disease related transcription factor, IRF4, 
and a general transcription factor, RNApolII, were enriched among LMe genes compared 
to HMe genes. IRF4 targets, like DAe genes were also enriched among non-CGI genes. 
By contrast, RNApolII targets were enriched among CGI genes. These results implied 
that the enrichment of IRF4 targets among LMe non-CGI genes reflected its role as an 
immune system regulator and was not shared by general transcription factors. Meanwhile, 
the enrichment of RNApolII targets among CGI genes suggested that these genes tended 
to be constitutively expressed, which is in agreement with their housekeeping related 
functions. 
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5 CONCLUDING REMARKS 
In this study, we used bioinformatic methods to study complex diseases with SAR as a 
model disease. We first determined that genes harboring disease-associated 
polymorphisms tended to form modules in the PPI network. 

This discovery prompted a follow-up study wherein we demonstrated an association 
between modules of genes harboring disease-associated polymorphisms, and modules of 
genes that were differentially expressed in disease. Specifically, we found that genes that 
were highly interconnected with differentially expressed genes were enriched for disease-
associated polymorphisms. 

Finally, we analyzed epigenetic disease causes in SAR. We carried out DNA methylation 
and mRNA expression microarray analysis on allergen-challenged CD4+ cells from 
patients and controls. We found that disease-associated mRNA expression changes were 
overrepresented among low methylation genes without CpG islands in their promoters. In 
this category of genes, but not on a genome-wide scale, disease-associated DNA 
methylation changes were associated with disease-associated mRNA expression changes. 
We also observed that IRF4, a transcription factor of known disease relevance, also 
tended to target low methylation genes without CpG islands. 

In recent years methods have been developed to detect disease-associated 
polymorphisms, epigenetic changes, mRNA expression and protein levels. While 
technical limitations in these methods are still an obstacle, researchers are arriving at the 
next challenge: to determine how disease-associated genes detected by high-throughput 
methods coalesce to cause complex diseases on a molecular level. In other words, the 
pathway of receptors, signaling cascades, transcription factors etc that is disrupted to 
cause disease. 

To date only a small number of diseases are understood at this level, and in many cases 
the known disease causing mechanisms explain only a fraction of cases. This relates to 
the issue of genetic heterogeneity in complex disease. The fact that each disease can be 
caused by different genes (or combinations of genes) in different individuals is a severe 
problem for genetic research; if one of several polymorphisms can cause a disease, then 
none of them may be detectable by GWAS, or even by a low-throughput genetic study29. 
However, understanding the disease affected pathway could suggest different genes that 
cause the disease in different individuals. Performing such an analysis on all 
combinations of possible genetic and epigenetic disease causing factors, without reducing 
the search to a small number of candidate genes, is not a tractable task at the present date. 

Efforts to unravel disease pathways, including this dissertation, are limited by the current 
understanding of protein-protein interactions and other cellular systems. One of the main 
issues is our dependence on current scientific literature. Several methods to circumvent 
these issues are emerging, such as predicting what proteins share similar functions based 
on sequence similarities71. PPIs also encompass several types of interactions, such as 
proteins forming functional complexes, kinases phosphorylating substrates, hormones 
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binding to receptors etc. Detailed analysis of the PPI network will require functional 
annotation of PPIs, not only of the proteins themselves. 
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