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Abstract

Metabolic syndrome is taking epidemic proportions, especially in developed countries. Each
risk factor component of the syndrome independently increases the risk of developing coro-
nary artery disease. The risk factors are obesity, dyslipidemia, hypertension, diabetes type 2,
insulin resistance, and microalbuminuria. Nuclear receptors is a family of receptors that has
recently received a lot of attention due to their possible involvement in metabolic syndrome.
Putting the receptors into context with their co-factors and ligands may reveal therapeutic
targets not found by studying the receptors alone. Therefore, in this thesis, interactions
between genes in nuclear receptor pathways were analysed with the goal of investigating
if these interactions can supply leads to biomarkers for metabolic syndrome. Metabolic
syndrome donor gene expression data from the BioExpressTM database was analysed with
the APRIORI algorithm (Agrawal et al. 1993) for generating and mining association rules.
No association rules were found to function as biomarkers for metabolic syndrome, but the
resulting rules show that the data mining technique successfully found associations between
genes in signaling pathways.

Keywords: metabolic syndrome, nuclear receptors, pathways, gene expression analysis,
association rules
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throughout this work. I thank my examiner Björn Olsson for valuable comments on

the structure of the report. At AstraZeneca in Mölndal, I wish to thank my
industrial supervisor, Magnus L. Andersson, for the original idea of this project, and
also for many fruitful discussions pursuing the work. I wish to thank my husband
Carl-Johan Schenström for standing by my side these years. Commuting between
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Chapter 1

Introduction

Undernutrition is a major problem in many parts of the world. An example of
the magnitude of the problem is that at the United Nations Millennium Summit
in September 2000, world leaders declared that halving poverty and hunger shall be
stated as one of the major goals on the global agenda (UnitedNations 2002). Star-
vation is indeed of huge concern, but as an example of life’s duality, the opposite of
undernutrition, namely obesity, is dramatically increasing, especially in the industri-
alised world. Obesity is a risk factor for many metabolic diseases, e.g. diabetes type
2, and also for a serious metabolic condition named metabolic syndrome (MSDR).

MSDR is taking epidemic proportions, especially in developed countries (Francis
et al. 2003). According to Hansen (1999), it is not yet determined if MSDR is a
disease or simply a cluster of risk factors. Casual links and underlying mechanisms
are currently unknown, and further investigation has to be conducted in order to
determine the nature of the mechanisms behind the syndrome. Literature in the
field list six risk factors: obesity, dyslipidemia, hypertension, diabetes type 2, insulin
resistance, and microalbuminuria, as components of MSDR, although usually only
three of them have to be present in order to set the diagnosis MSDR. All MSDR
risk factors increase the risk of developing coronary heart disease, and Hansen (1999)
states that MSDR will be recognised as one of the most costly in its contributions to
morbidity and premature mortality, particularly from cardiovascular diseases. Apart
from individual affliction, MSDR also burdens society in a financial way, e.g. by
hospital treatment costs, allowance and early retirement.

Treatment of MSDR can be divided into two complementing approaches: lifestyle
changes such as developing a balanced diet and increasing physical activity, and drug
therapy. At AstraZeneca research and development site in Mölndal, development of
new therapeutic agents for treatment of cardiovascular diseases and risk factors is a
major focus.

Traditionally, drug target discovery started with a biochemical pathway involved
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Chapter 1. Introduction

in a patophysical process (Debouck & Goodfellow 1999). An important step in the
pathway, preferably the rate-limiting step, was then characterized and the involved
enzyme purified. A screening performed with the enzyme against collections of struc-
turally diverse small molecules could then result in identification of drug targets.
These drug targets would then be optimized by medicinal chemists in order to make
them ready for therapeutic tests. A similar approach was applied in the process of
identifying receptors and their use as drug targets. However, developments in the
field of molecular biology have transformed drug discovery, and techniques such as
gene cloning and site-directed mutagenesis now facilitate the process (Debouck &
Goodfellow 1999). DNA microarrays make up a technique that can be used for fast
generation of information about expressed genes in diseased and normal tissue, and
it can therefore be used in identification and validation of drug targets.

Databases containing microarray data from different species, including humans,
are under constant development. Even though they clearly hold valuable informa-
tion, it is not evident how this information should be extracted. How to mine large
databases for valuable information and knowledge is a key research topic in database
systems and machine learning (Chen et al. 1996). Techniques for extraction of im-
plicit, previously unknown, and potentially useful information from data are known
as data mining techniques (Witten & Frank 2000).

In this thesis, interactions between genes in nuclear receptor (NR) pathways
were analysed with the goal of investigating if these interactions can supply leads
to biomarkers for MSDR. MSDR donor gene expression data from the BioExpressTM

database was mined with the APRIORI algorithm (Agrawal et al. 1993) for generat-
ing and mining association rules. NR pathways were chosen because the NR family of
receptors has recently received a lot of attention due to their possible involvement in
MSDR, and also because valuable resources concerning NRs exist inside AstraZeneca
in Mölndal, i.e. an NR database and an NR research group. Putting the receptors into
context with their co-factors and ligands may reveal therapeutic targets not found by
studying the receptors alone. Therefore, the approach taken was to first investigate
the risk factors separately, and then trying to compare them in order to investigate
the metabolic syndrome. This gave an opportunity to seek the contribution of single
risk factors to the syndrome.

The results led to the conclusion that the hypothesis could not be supported,
given the data used. No association rules were found to function as biomarkers
for metabolic syndrome, but the resulting rules show that the data mining technique
used successfully found associations between genes in signaling pathways. The second
conclusion drawn is that missing values for metabolic parameters and bias towards
cancer samples implies that the BioExpressTM database is more useful in cancer
research, and that it is questionable if it should be used to gather data needed for
similar purposes as this thesis.
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Chapter 1. Introduction

This report is organised as follows: chapter 2 gives an overview of metabolic
syndrome, databases used in this project, gene expression analysis and techniques,
nuclear receptors, and a selection of related work in the field. Chapter 3 presents
the problem, aim, hypothesis, and the objectives needed to fulfill the aim of the
project. Chapter 4 describes the method and implementation used to reach the aim.
The results from the implementation are presented in chapter 5. In chapter 6, the
results are analysed, and in chapter 7, a discussion about the results is performed.
Finally, in chapter 8, the conclusions drawn from the results are presented together
with suggestions for future work.
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Chapter 2

Background

Background information relevant to the issues addressed in this project is presented
in this chapter. An overview is given of the metabolic syndrome, focusing on cur-
rent working definitions and the different risk factors that constitute the syndrome.
Thereafter, the databases used in this project are introduced, followed by an intro-
duction to gene expression analysis and the technique used to generate the expression
data used in this project. General information concerning NRs, and their involvement
in pathways is given in order to state their importance in pharmaceutical research.
Finally, a few examples of related work in the area of identifying genes related to
MSDR are presented.

2.1 Metabolic syndrome

MSDR is a metabolic condition taking epidemic proportions especially in developed
countries (Francis et al. 2003). MSDR consists in short of six risk factors: obesity,
dyslipidemia, hypertension, diabetes type 2, insulin resistance and microalbuminuria,
although usually only three risk factors need to be present in order to set the diagnosis
MSDR. The risk factors will be described further in the following sub-chapters. The
World Health Organisation (WHO) and the Adult Treatment Panel III (ATPIII) of
The United States’ National Cholesterol Education Program (NCEP) have different
definitions of MSDR, and a combination of these two will be used in this dissertion.
The following paragraphs state the WHO definition (Alberti & Zimmet 1998) followed
by the ATPIII definition (National Cholesterol Education Program Expert Panel on
Detection Evaluation, and Treatment of High Blood Cholesterol in Adults 2001)1.

WHO criteria, 1999: Glucose intolerance, impaired glucose tolerance or diabetes
mellitus and/or insulin resistance together with two or more of the components

1Future references will be denoted as NCEP01
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Chapter 2. Background

listed below:

• Impaired glucose regulation or diabetes

• Insulin resistance

• Raised arterial pressure (≥140/90 mmHg)

• Raised plasma triglycerides (≥1.7 mmol 1−1; 150 mg dl−1) and/or low HDL-
cholesterol (<0.9 mmol 1−1, 35 mg dl−1 men; <1.0 mmol 1−1, 39 mg dl−1

women)

• Central obesity (males: waist to hip ratio >0.90; females: waist to hip ratio
>0.85) and/or BMI >30 kg m−2

• Microalbuminuria (urinary albumin excretion rate ≥20 µg min−1 or albumin to
creatinine ratio ≥30 mg g−1)

ATPIII criteria, 2001: Three or more of the following risk factors must be present:

• Abdominal Obesity (males: >120 cm; females >88 cm)

• Raised plasma triglycerides (≥150 mg dl−1)

• Low HDL-cholesterol (<40 mg dl−1 men; 50 mg dl−1 women)

• Raised arterial blood pressure (≥130/85 mmHg)

• Fasting glucose ≥110 mg dl−1

Each risk factor contributes separately to cardiovascular disease, and the cumu-
lative effect of all risk factors makes patients with MSDR a highly exposed group for
cardiovascular disease (Zimmet et al. 1999).

2.1.1 Insulin resistance

Hansen (1999) states that insulin resistance accompanied with hyperinsulinemia (ex-
cessive rates of insulin in the blood) is most often suggested to be an underlying
feature of the metabolic syndrome. According to Hansen (1999), insulin resistance is
defined as a “less than normal response to insulin in cells, tissues (especially skeletal
muscle, adipose tissue and/or liver), or whole body”. The most important factors
that promote insulin resistance are obesity, physical inactivity, and genetic factors
(Grundy 1999), and the degree of the resistance is affected by factors such as diet
composition, aging and hormones. The most interesting tissues, from the metabolic
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Chapter 2. Background

aspect, that are affected by insulin resistance are adipose tissue, liver, and skeletal
muscle. Weight reduction in obese patients together with exercise is the most effective
treatment for insulin resistance, according to Grundy (1999). Today, drug treatment
is almost non-existent as the available drugs are not recommended for non-diabetic
patients. Several diseases and symptoms of ill-health such as those listed below are
caused by insulin resistance (Reusch 2002, Hansen 1999), (explanations of disease
conditions taken from Dorland & Newman (1994)):

• dyslipidemia (hypertriglyceridemia, i.e. high fasting triglyceride level, together
with low high-density lipoprotein cholesterol)

• hypertension (high arterial blood pressure)

• hypercoagulation (abnormally increased coagulation)

• decreased fibrinolysis (dissolution of fibrin by enzymes)

The increased level of insulin in the blood that is associated with insulin resistance
is also a risk factor for coronary artery disease (Reusch 2002).

2.1.2 Obesity

An association between obese individuals with upper body obesity and MSDR has
been shown (Hansen 1999), and this association is for example investigated in a recent
article by Han et al. (2002). Obesity is measured by Body Mass Index (BMI), where
overweight is between 25 and 29.9, and obesity is diagnosed when BMI is greater
than 30. BMI is measured by weight in kilograms divided by the square of the height
in meters. Upper body obesity is usually measured by waist circumference, although
sometimes the measurement waist/hip ratio have been used. ATPIII recognises obe-
sity as a major, underlying risk factor for development of coronary heart disease and
declare that weight reduction will lower all MSDR risk factors.

2.1.3 Dyslipidemia

Two closely associated features of dyslipidemia that have been shown to function as
syndrome criteria are hypertriglyceridemia and low High-Density Lipoprotein Choles-
terol (HDL-C). When the fasting triglyceride level passes 200 mg/dl, the diagnosis
hypertriglyceridemia is set. Low HDL-C is usually defined as less than 35 mg/dl.
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Hypertriglyceridemia

According to ATPIII (2001), the factors that contribute to elevated triglycerides in-
clude: obesity and overweight, physical inactivity, cigarette smoking, excess alcohol
intake, high carbohydrate diets, several diseases (e.g. type 2 diabetes, chronic renal
failure, nephrotic syndrome), certain drugs (e.g. corticosteroids, estrogens, retinoids,
higher doses of beta-adrenegic blocking agents), and genetic disorders (familial com-
bined hyperlipidemia, familial hypertriglyceridemia and familial dysbetalipoproteine-
mia). Depending on the severity and cause, different treatment strategies are taken
for elevated triglycerides, although achieving the target goal for Low Density Lipopro-
teins (LDL) of lesser than or equal to 100 mg dl−1 is the primary aim (NCEP01).
Weight reduction and increased physical activity is ordered when the triglyceride lev-
els are between 150 and 199 mg dl−1, but when the level rises past 200 mg dl−1, drug
therapy should be considered. In extreme cases where triglyceride levels pass 500
mg dl−1, treatment is focused on preventing acute inflammation in the pancreas by
combined efforts in weight reduction through very low fat diets, increased physical
activity and fibrate or nicotinic acid as a triglyceride-lowering drug. According to AT-
PIII (2001), elevated triglycerides constitute an independent risk factor for coronary
heart disease.

Low High-Density Lipoprotein Cholesterol

Many of the causes of low HDL-C are associated with insulin resistance, i.e. ele-
vated triglycerides, overweight and obesity, physical inactivity, and type 2 diabetes
(NCEP01). Non-insulin resistance associated factors that cause low HDL-C are
cigarette smoking, very high carbohydrate intakes, and certain drugs (e.g. beta-
blockers, anabolic steroids, progestational agents). The primary treatment aim is to
achieve the target goal for Low Density Lipoproteins (LDL) of less than or equal to
100 mg dl−1. When this aim is reached, strategies such as weight reduction and in-
creased physical activity constitutes the continuing focus for therapy. ATPIII (2001)
states that low HDL-C is a strong independent risk factor for coronary heart disease.

2.1.4 Type 2 diabetes

All MSDR factors can be seen in the early stages of type 2 diabetes (Hansen 1999).
This form of diabetes is most frequent in adults, and the driving force in developing
the disease is obesity. The criteria defined by the American Diabetes Association
Expert Committee for diabetes is glucose levels higher than or equal to 126 mg dl−1

(Hansen 1999). Medical treatment strategies include: (1) sulphonylureas, which aim
to increase insulin release, (2) metformin, which reduce glucose production in the liver,
(3) thiazolidinediones, which is a peroxisome profilator-activated receptor-γ (PPARγ)
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agonist that enhance insulin action, (4) α-glucosidase inhibitors that intervene gut
glucose absorption, and (5) insulin, which inhibits glucose production and enhance
glucose utilisation (Moller 2001). None of the listed therapies is considered to be a
cure for the disease, and according to Moller (2001), development of other approaches
are extremely important. There are several complications associated with type 2
diabetes, including kidney abnormalities, neural abnormalities, disorders of the retina,
and disturbances in the circulation system (Hansen 1999).

2.1.5 Hypertension

According to Hansen (1999), hypertension is the most independent feature of MSDR,
and Ferrannini (1999) states that the relationship with insulin resistance varies in the
literature. Hypertension is usually defined as a systolic blood pressure exceeding 140
mmHg together with diastolic blood pressure of 90 mmHg (Hansen 1999). Factors
contributing to hypertension include for example: diabetes (both type 1 and type 2),
obesity, smoking, stress, and a lifestyle that requires much sitting (Ferrannini 1999).
Hypertension is considered to be a risk factor for coronary heart disease in many
populations.

2.1.6 Microalbuminuria

Microalbuminuria is defined as increased excretion of albumin in the urine, often too
weak to be measured by ordinary methods (Dorland & Newman 1994). The values
used for diagnosis is 30-300 mg in a 24 hour urine collection, or 20-200 µg in a timed
(usually overnight) collection in the absence of urinary tract infection (Yip & Trevisan
1999). Microalbuminuria is usually accompanied with other metabolic abnormalities
such as hyperinsulinemia, and isolated occurrences of the disease in otherwise healthy
individuals are rare. The disease reflects widespread vascular damage and increases
the risk of cardiovascular disease.

2.2 Databases

In this project two databases are used as a source for gene expression data and
information about signaling pathways, Gene Logic and BioCarta.

2.2.1 Gene Logic

Gene Logic is a company that provides functional genomics information products, ser-
vices and bioinformatics tools, which focus on human biology and pathology (GeneLogic
2003). One of their products is GeneExpressR©, which contains three parts: the
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BioExpressTM database, the ToxExpressTM collection of predictive models, and Gen-
esis: The GeneExpress Enterprise SystemTM . The part used in this project is the
BioExpress database. BioExpress contains gene expression data from normal and
diseased human tissues, tissues from experimental animals, and human and animal
cell lines. The tissues have been analysed using GeneChipR© microarray technology
from Affymetrix Inc..

2.2.2 BioCarta

BioCarta develops, supplies and distributes sourced and characterized reagents and
assays for biopharmaceutical and academic research (BioCarta 2003). Their web site
hosts a pathway database which is freely available. The pathways are interactive
graphic models which are provided by scientists in an “open source” manner. The
pathways used in this project were taken from this database.

2.3 Gene expression analysis

According to Eisen & Brown (1999), “The ultimate goal of whole genome expres-
sion monitoring is to be able to determine the absolute representation of every RNA
species in any cell or tissue sample of interest.” The authors also claim that today
this is not possible due to the many factors that affect the hybridization on the ar-
ray. Therefore, only the relative expression of genes in a sample can be measured.
Fortunately, this relative expression captures things of great interest such as whether
the gene is expressed or not and how the expression changes as a function of different
experimental conditions. There are two technologies for gene expression analysis that
are array-based, namely cDNA- and oligonucleotide arrays. These techniques differ
in detail but share the essence of the experimental design.

The microarray data is usually represented in two dimensions, with the genes on
one axis and time series and/or tissues on the other. By allowing representation in
two dimensions, visual interpretation of the material is facilitated. Information can
be extracted from one array about not only in which tissue the gene is expressed,
but also at which level and how that gene relates to other genes. An early and
important example of the cDNA microarray technique is the work by Spellman et al.
(1998), where they identified cell-cycle regulated genes from the yeast Saccharomyces
cerevisiae by microarray hybridization.

2.3.1 The cDNA microarray technique

A lot of DNA is needed when conducting an array experiment. This can be ac-
complished by amplifying templates with Polymerase Chain Reaction (PCR). The
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DNA clones are then printed on a glass slide with the help of an array robot (Eisen
& Brown 1999). There is always at least one test and one reference sample (con-
trol) which will hybridize with the clones on the glass slide. These mRNA samples
have been transcribed to complementary DNA (cDNA) using the enzyme Reverse
Transcriptase. In order to detect the cDNA samples, they have been labelled with
fluorescent dyes that serve as reporter molecules. The labelled cDNA samples are
called probes. All samples have different coloured dyes that can be detected by laser
excitation, and the emitted fluorescence is measured by a confocal microscope. The
ratio of each specific gene with respect to the control is thereby determined and the
images are then interpreted using computer software. For details and protocols see
http://cmgm.stanford.edu/pbrown/. Figure 2.1 describes the technique.

Figure 2.1: Illustration of the cDNA microarray technique. Labeled test and reference
samples are spotted on a glass slide, where hybridization occurs. The expression
ratio compared to the control is measured, and an image is produced. The figure
was downloaded from AccessExcellenceR© http://www.accessexcellence.org/AB/

GG/microArray.html. AccessExcellenceR© allows information downloading and use
if the purpose is non-commercial.

2.3.2 The oligonucleotide array technique

The oligonucleotide technique is the one used by Affymetrix Inc. (Lipshutz et al.
1999), and their GeneChip probe arrays have been used to generated the BioExpress
expression data. The first step in the making of GeneChip probe arrays is to attach a
solid support to the glass surface. This solid support is made of synthetic, photochem-
ically modified linkers. Hydroxyl-protected deoxynucleosides are thereafter added to
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the surface. The next step constitutes of directing light through a photolithographic
mask in order to unprotect and activate selected sites, thus making it possible for
the Hydoxyl-protected deoxynucleosides to couple to the activated sites. The process
is thereafter repeated with the result that different sets of sites are activated and
different bases are coupled in each round, creating oligonucleotide probes at each site
(Lipshutz et al. 1999). These probe sets can be used to identify specific genes.

Absolute call

Affymetrix Inc. uses a qualitative measure named absolute call (abscall) to describe
the expression of each gene. The three different measures detected by abscall are:
Present (P) when the transcript is detected, Absent (A) when the transcript is not
detected, and Marginal (M) when the detection of the transcript is unclear. For
details on the methods used to detect these calls, please refer to Affymetrix (2003a).

The GeneChip Human Genome U133 Set

The array can be designed in a number of ways, and the GeneChip arrays used by
BioExpress contain probe sets for the human genome. The GeneChip used is called
The GeneChip Human Genome U133 Set (HG-U133) and contains two oligonucleotide
arrays with up to 30 000 human genes (Affymetrix 2003b).

2.4 Nuclear receptors

Receptors represent about 60% of the total number of drug targets (I. A. Hemmila
2002). In the cell membrane, receptors such as G-protein coupled receptors, receptor
tyrosine kinases and receptor protein-tyrosine phosphatases are anchored. When a
receptor in the membrane is activated, it causes a signaling cascade that ultimately
alter the activity of target proteins (Alberts et al. 2002). Another set of receptors are
inside the nucleus, where they act as transcription factors. The activity of nuclear re-
ceptors causes expression or repression of specific genes. The NR family is one of the
largest families among transcription factors, and 49 NRs have been identified in the
human genome (Francis et al. 2003). Ligands for NRs include hormones, metabolites
such as fatty acids, bile acid, oxysteroids, and xeno- and endobiotics. These ligands
are all small and lipophilic and control the activity of the NRs. NRs play a regula-
tory role for many genes that are involved in metabolic control, and their ligands are
therefore interesting as therapeutic targets for diseases such as atherosclerosis, dia-
betes and obesity (Francis et al. 2003). NRs have recently received a lot of attention
because their dysfunction may contribute to MSDR. With few exceptions, the family
of receptors share structural composition. They contain an NH2-terminal region with
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a ligand-independent transcriptional activation function (AF-1); a DNA-binding re-
gion with two zinc-finger domains; a hinge region that allows protein flexibility; and
a large COOH-terminal region containing a ligand-binding domain, a dimerization
interface, and a ligand-dependent activation function (AF-2) (Chawla et al. 2001).
Figure 2.2 gives a schematic description of the structure.

NH2 AF1 DNA Ligand AF2 COOH

Figure 2.2: Structural organisation of NRs.

2.5 Related work

In this section, a selection of work related to this project is presented.

2.5.1 Decision trees approach

In a recent thesis by Halinen & Norseng (2002), decision trees, which is a “divide
and conquer” machine learning technique for classification of instances, were used
to investigate the potential involvement of G-protein coupled receptors (GPCRs) in
MSDR. Gene expression data from the BioExpress database was used in the research.
The results of the study indicate that the expression profile of parathyroid hormone
receptor-1 (PTHR1) differs between tissue samples from lung taken from patients with
MSDR and non-MSDR patients. The results also hint that the expression of GPCRs is
rather constant between tissues from MSDR patients and non-MSDR patients, which
makes it difficult to use GPCRs as markers for MSDR. Their thesis was used as a
source for inspiration about how to proceed with the research concerning biomarkers
for MSDR. A possibility is that, although the expression of GPCRs do not appear
to vary, they might still be interesting as drug targets for MSDR if they are put into
context with their co-factors (COs), ligands and other genes in the same pathway.
Their work also included creation of a knowledge data bank of genes related to risk
factors of MSDR, which will be referred to as the Knowledge Bank.

2.5.2 Linkage analysis approach

Olsson (2002) conducted a genome wide scan for genes increasing the risk for MSDR.
The data set used was the Botnia II data set, which contains 480 siblings affected
by diabetes type 2 from 533 families from Finland and Sweden. The approach taken
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was multipoint non-parametric linkage analysis. Multipoint non-parametric analysis
calculates a score for allele sharing at each possible location on the chromosome
among affected individuals. The result suggests that diabetes type 2, obesity and
hypertension can be linked to a locus on chromosome 18p11. The study also showed
that several loci indicated putative differences between males and females. This
information was used when validation of the results generated from our study took
place.

2.5.3 Association rules for gene expression analysis

Recently, an article by Creighton & Hanash (2003), where the authors used associ-
ation rules to investigate associations between genes in yeast, was published. The
motivation for their research was that “association rules can reveal biologically rele-
vant associations between different genes or between environmental effects and gene
expression” (Creighton & Hanash 2003). They found numerous rules in the data,
and a brief investigation of the rules revealed biologically valid associations between
certain genes. Other associations suggested new hypotheses which might support fur-
ther investigation. Their work functioned as a motivation for applying the technique
in this project.
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Problem statement

A common approach to gene expression analysis is to investigate the expression of
specific genes with the goal of finding biomarkers. This approach was also taken by
Halinen & Norseng (2002), when they tried to find GPCRs that could function as
biomarkers for MSDR. In contrast to the work by Halinen & Norseng (2002), more
data is taken into account in this project, namely the different genes involved in a
pathway. The genes in the pathway might have characteristic interactions, unique to
the specific risk factor or combination of risk factors that make up MSDR.

The family of receptors chosen for this project is NRs. The NR family is very
interesting from a metabolic viewpoint, since some of their recently identified ligands
are metabolic intermediates, which indicates that active substances in certain systems,
such as the metabolism of cholesterol, are regulated at expression level (Laudet &
Gronemeyer 2002). Another motivation for choosing NRs instead of GPCRs is that
there are several resources inside AstraZeneca that can be utilized, i.e. an NR expert
group and an NR database.

The assumption made in this project is that more information can be extracted
from the interactions between the different genes that constitute a pathway than
from a single receptor in that pathway. There exists several descriptions of pathways
involving NRs in the literature. A feasible approach would be to focus on the ex-
pression patterns of the genes in a pathway, and seek correlated changes between the
expression patterns of the involved genes in tissue taken from MSDR and non-MSDR
patients.

The answer to which possible changes that might occur lies in the interactions
between the receptors and their COs and ligands, and the resulting signaling cascades
that are triggered by CO and ligand binding. A likely scenario might be as follows:
a ligand bind to an NR, which interacts with a CO, causing a gene to be repressed.
For example, expression of tumor-necrosis factor-α (TNF-α) is induced in obesity,
but if PPARγ is activated it represses TNF-α expression (Francis et al. 2003). An
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hypothetical example of changes in a pathway is outlined below. In the example, the
CO is removed (denoted by ¬CO) from the pathway in the MSDR patient, which in
turn causes expression of the gene.

non-MSDR patient: (Ligand ∧ NR ∧ CO) −→ gene repression

MSDR patient: (Ligand ∧ NR ∧ ¬CO) −→ gene transcription

There is a need for a method that identifies patients with metabolic syndrome, and
if interactions between NRs and their COs or their ligands can be used as biomarkers
for the syndrome, it will be a step forward for the research in the field.

3.1 Problem definition

The following questions are considered to be the starting point from where a hypoth-
esis is to be formulated: “can changes in interactions between NRs and their COs or
ligands be used as a biomarker for MSDR patients?” and “can changes in interactions
between NRs and their COs or ligands be detected by expression analysis?”. These
changes are likely to be detected by gene expression analysis, since the expression of
mRNA is an approximation of protein expression, and therefore changes in protein
expression levels should be detectable by the microarray. Knowledge about correla-
tions between genes in a pathway in MSDR patients and non-MSDR patients will
constitute a foundation on which to base suggestions about biomarkers for MSDR.
A biomarker can be conceived by discovering which interactions are normal and then
detect differences in order to classify patients with MSDR. However, it is important
to clarify that the purpose of this project is not to develop a complete and functional
classification technique for distinguishing between MSDR and non-MSDR patients,
but to increase the knowledge about if interactions between genes in a pathway may
function as a starting point for such a technique. If no differences exist in the in-
teractions between genes in a pathway, it is questionable if such a technique can be
developed.

3.2 Aim

The aim of this project is to investigate the hypothesis that patients with MSDR have
distinct changes in the interactions between genes in NR pathways, which can function
as biomarkers for MSDR. An interaction is considered to function as a biomarker if it
can be used to distinguish MSDR patients from non-MSDR patients. The hypothesis
can be considered supported if such a interaction is found.
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3.3 Objectives

In order to investigate if the hypothesis can be considered supported, a number of
objectives were developed. The objectives function as an outline for the exploratory
approach used in this thesis, an approach which is further described in chapter 4.

Extraction of data concerning NRs, COs, and genes related to MSDR The
nuclear receptor database at AstraZeneca will be used as a source of data about
the NRs. The database is under construction and currently consists of 22 dis-
tinct entries for NRs and 174 distinct entries for COs. An overlap exists between
the NRs and COs since some NRs can function as both receptors and co-factors.
The Knowledge Bank constructed by Halinen & Norseng (2002) will be used as
a source for genes that are related to MSDR. The genes in the Knowledge Bank
have been added by Halinen & Norseng (2002) according to published articles,
please see Halinen & Norseng (2002) for details. The database consists of 333
entries for MSDR-related genes.

Find pathways that relate to NRs, COs, and MSDR The extracted data from
the previous step will be used to select the pathways involving NRs or their COs
together with genes involved in MSDR from the BioExpress database. The
BioExpress database contains information about which pathway the genes are
involved in, and also where information about that pathway can be found. It
is important that the chosen NR pathways are well-documented in the litera-
ture since they are going to function as a solid base for further investigations.
The demands on a well-documented pathway include a graphical overview of
the interactions between the genes in the pathway, and information about the
different genes.

Selection of tissue donor individuals A criteria definition for donor selection has
to be developed. It should define donors having the described risk factors. As
a reference, a group of donors not having any of the risk factors described
will be determined. However, the donor individuals will be selected from the
BioExpress database, and since the database contains samples from donors that
have been treated at a hospital, the donors might have other diseases and should
not be considered healthy.

Identification and selection of data mining technique(s) The selection of tech-
niques(s) depends on several factors like software availability and the suitability
to the problem. The problem is to find changes in NR pathways with the help
of gene expression data. The technique has to be able to capture these changes.

Data preparation and processing The different technique(s) selected for the pro-
cessing step may require the data to be in a certain format. Preparation of the
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data is therefore needed. Threshold values that determine the number of sim-
ulations in the processing step has to be set.

Result analysis The results from the data mining techniques will be analysed with
the purpose of finding relative correlations between specific genes in a pathway,
that can be used for detection of patients with MSDR. The analysis will be
carried out using visualisation tools, manual analysis, and tools appropriate for
the chosen technique(s). Success and failure criteria must be set to evaluate the
results.
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Method description and
implementation

This chapter will start with a method description, and continue with an implemen-
tation section containing further description of the conducted steps.

Since this final year project if of explorative nature, the process has been dynamic,
containing iterative elements. Figure 4.3 shows an overview of the approach decided
upon from the beginning, and the outlined steps show the governing idea of the
project. The steps are performed with the goal of accomplishing the aim of this
project, i.e. to investigate the hypothesis patients with MSDR have distinct changes
in the interactions between genes in NR pathways, which can function as biomarkers
for MSDR. The approach taken is to first gather information about the NRs and
COs involved in MSDR from nearby resources at AstraZeneca, and then putting
them into context by finding pathways that describe interactions between them. In
parallel, criteria for donors having MSDR will be developed, and donors will be
selected from the BioExpress database. Missing clinical data for the donors will
be handled and tissues selected. The parallel processes will then be joined with the
purpose of selecting expression data. In the next step, a technique for analysing the
expression data is selected. The data is then prepared and processed in order to make
it ready for input to the technique. In the last step, an investigation of the risk factors
separately, followed by an investigation of the whole syndrome, will be performed, an
approach which allows for the contribution of single risk factors to the syndrome to
be analysed.
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Nuclear receptors and Co−Factors The Knowledgebank

NRs and COs related to msdr

Bioexpress pathways Pathway databases

Pathways involving NRs and COs related to msdr

Select probe sets for the pathway genes
Select tissues

Define donor criteria

Select gene expression data

Select method

Prepare and process data

Analyse data

Handle missing values and perform data cleaning

Figure 4.3: Overview of approach.

4.1 Finding NRs and COs that are related to

MSDR

Objective 1: Extraction of data concerning NRs and COs, and genes related to MSDR

The approach taken for finding NRs that are involved in MSDR is outlined as
follows: the Knowledge Bank, created by Halinen & Norseng (2002) and consisting
of genes involved in MSDR, was joined with the NRs and COs derived from the NR
database at AstraZeneca. Appendix A lists the NR gene names in the NR database
together with their corresponding probe sets, and appendix B lists the CO gene
names in the NR database together with their probe sets. Probe sets are used to
detect specific genes on the array. For a description of the content in the Knowledge
Bank, please refer to Halinen & Norseng (2002).
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4.2 Finding pathways that contain the resulting

NRs and COs

Objective 2: Find pathways that relate to NRs, COs, and MSDR

In order to find pathways that are related to MSDR and also contain the desired
NRs and COs, the resulting tables from the former step were joined with the pathways
in BioExpress.

The resulting pathways from the join performed above were discussed with the NR
group at AstraZeneca. The group suggested that more pathways could be found by
performing a search on the NRs and COs in pathway databases. Since the BioExpress
links to pathways are not complete, a more thorough approach like the one suggested
would complement the results from BioExpress.

4.2.1 Probe set selection

Probe sets for the NRs and COs in the pathways were selected with the probe sets
in the NR database at AstraZeneca as a starting point. The probe sets were further
investigated with regard to fragment warnings. Information about fragment warnings
were obtained from BioExpress. For the non-NR genes in the pathways, probe sets
were selected from BioExpress and checked for warnings. All probe sets with warnings
were removed. The resulting probe sets from this step are called non-warning probe
sets.

Lisa Öberg, a member of the Bioinformatics group at AstraZeneca who has wide
experience of filtering out “good” probe sets, suggested the approach described below
to determine the best probe sets (personal communication, 14 March, 2003).

The non-warning probe sets were checked one at a time with the help of the E-lab
AstraZeneca bioinformatics portal. E-lab contains links, interfaces and search tools
to many bioinformatics sites. First, the nucleotide reference sequence (RefSeqN) for
the gene was obtained from LocusLink in E-lab. Through LocusLink, gene-specific
information for fruit fly, human, mouse, rat and zebrafish can be accessed. RefSeq
provides reference sequence standards for genomes, transcripts and proteins for hu-
man, mouse and rat mRNA (K. D. Pruitt 2001). The ZSearch Multiple Sequence
Similarity Search provided by E-lab was then used to find Affymetrix Inc. HG-U133
probe sets that corresponds to the RefSeqN. The list of probe sets was compared to
the list of non-warning probe sets for the gene. The probe sets that corresponded to
the non-warning probe sets were further investigated with respect to: (1) % identity
with the RefSeqN, and (2) alignment with the RefSeqN, i.e check that the probe was
aligned in the right direction with respect to the prime ends of the RefSeqN. The
results implied that further investigations were necessary to determine the optimal
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probe sets, but unfortunately that did not fit within the timeframe of this project.
Instead, if a gene had more than one corresponding probe set, the gene name was
altered to have a suffix that made it unique. An example is PPARD, which had two
probe sets and was therefore renamed PPARD(1) and PPARD(2).

4.3 Setting up the donor criteria and finding cor-

responding donors

Objective 3: Selection of tissue donor individuals

Since there is no diagnostic test for insulin resistance or microalbuminuria in the
BioExpress database, these risk factors were excluded.

4.3.1 Donor criteria

The criteria for selecting donors from BioExpress was developed with the criteria
used by Halinen & Norseng (2002) as a starting point. The final criteria was based
both on the criteria set by Halinen & Norseng (2002), and the WHO and ATP III
definitions for MSDR. In general, the criteria used in this thesis are stricter than
those used by Halinen & Norseng (2002), with the motivation that it should give
more reliable results. A comparison between the criteria used by Halinen & Norseng
(2002) and the criteria used in this thesis is performed in tables 4.1 and 4.2, together
with explanatory footnotes. Table 4.1 shows the different names for the diseases
diabetes type 2, dyslipidemia, hypertension and obesity that are used in BioExpress.
For a donor to qualify for a risk factor group it either has to have one of the diagnoses
in table 4.1, or qualify according to the diagnostic test set in table 4.2. For example,
for a donor to qualify in the diabetes type 2 group, he/she either has to have the
diagnosis DIABETES MELLITUS TYPE II or quality assessment HIGH for glucose.
Quality assessment is a qualitative measurement set by the clinician performing the
test. It puts the quantitative value in relation to the specific donor, i.e. if the
quantitative measurement is considered high, normal or low for that specific patient.
Application of the criteria produces five different groups, i.e. groups with donors
having (1) diabetes type 2, (2) dyslipidemia, (3) hypertension, (4) obesity, and (5) a
reference group having none of the risk factors.
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Risk factor Risk factor included Risk factor excluded
Diabetes type 2 Positive test Negative test

OR
diagnosis =
DIABETES MELLITUS TYPE II

Dyslipidemiaa Positive tests Negative tests
OR
diagnosis =
HYPERLIPIDEMIA, NOS
HYPERCHOLESTEROLEMIA, NOS
LIPOIDOSIS, NOS

Hypertension Positive tests Negative tests
OR
diagnosis =
HYPERTENSION, NOS
HYPERTENSIVE HEART
DISEASE, NOS

Obesity Positive test Negative test
OR
diagnosis =
OBESITY, NOS

aAdded diagnosis LIPOIDOSIS, NOS. Motivation: LIPOIDOSIS is another diagnosis for dyslipi-
demia

Table 4.1: The criteria for selection of donors with one of the diseases diabetes type 2,
dyslipidemia, hypertension or obesity used in this thesis. Footnotes explain differences
from Halinen & Norseng (2002). Positive test: positive test according to criteria in
table 4.2. Negative test: negative test according to criteria in table 4.2.
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Risk factor Diagnostic test Positive Negative
Diabetes type 2a Glucose (mg/dL) HIGH NORMALb

Dyslipidemiac HDL (mg/dL) 30d≤ HDL ≤40 40< HDL ≤80e

OR OR
LOW f NORMAL

Triglycerides (mg/dL) >149 ≤149
OR OR
HIGH g NORMAL

Hypertension Diastolic blood pressureh ≥90 <90
Systolic blood pressurei ≥140 <140

Obesity Body Mass Index (BMI) ≥30 OR 20j≤ BMI <30 OR
weight/length2 20≤weight/length2

≥30 <30

aHalinen & Norseng (2002) also used the actual value (positive: >200, negative: ≤199). Motiva-
tion for change: there does not exist any notation in the database about whether fasting or random
glucose is used. The value can therefore not be trusted.

bHalinen & Norseng (2002) used NORMAL OR LOW. Motivation for change: donors with low
glucose do not belong to the normal group.

cHalinen & Norseng (2002) used different values for males and females. Motivation for change:
we decided that different values were not necessary for this project.

dHalinen & Norseng (2002) did not use any intervals. Motivation for change: according to
Dr Germán Camejo (personal communication, 12 February, 2003), a senior principal scientist at
AstraZeneca and an internationally recognised authority in the field of lipoproteins, values below 30
are considered to be outliers and should not necessarily be included in this project.

eHalinen & Norseng (2002) used no intervals. Motivation for change: according to Dr Camejo
(personal communication, 12 February, 2003), values past 80 are considered to be outliers and should
not necessarily be included in this project.

fHalinen & Norseng (2002) used not NORMAL. Motivation for change: if not NORMAL is used
then donors with quality assessment (q.a.) HIGH might be included. By using q.a. LOW, this is
avoided.

gHalinen & Norseng (2002) used not NORMAL. Motivation for change: if not NORMAL is used
then donors with q.a. LOW might be included. By using q.a. HIGH, this is avoided.

hHalinen & Norseng (2002) used 84 as a threshold value. Motivation for change: the threshold
value 90 is stricter. The value is the same as in the WHO ’99 criteria.

iHalinen & Norseng (2002) used 129 as a threshold value. Motivation for change: the threshold
value 140 is stricter. The value is the same as in the WHO ’99 criteria.

jHalinen & Norseng (2002) used no intervals. Motivation for change: according to Dr Camejo
(personal communication, 12 February, 2003), values below 20 are considered to be outliers and
should not necessarily be included in this project.

Table 4.2: Comparison between the criteria used by Halinen & Norseng (2002) and
the criteria used in this thesis. Italics denote quality assessment (q.a.). No q.a. exists
in BioExpress for diastolic blood pressure, systolic blood pressure or body mass index.
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4.3.2 Missing values

Applying the criteria produced four groups of donors, either having hypertension, di-
abetes type 2, dyslipidemia or obesity. The donors in the different groups might have
one or more of the other risk factors, as well as other diseases. Due to missing val-
ues, the number of negative reference samples for the hypertension and dyslipidemia
groups was not satisfactory large. The problem of missing values has some possible
solutions stated below (Kotz et al. 1983).

Methods for discarding units of data for some variables that are missing, and
only take into account units with complete data.

Methods for replacing missing data, i.e imputation methods, for example
mean imputation and regression imputation.

Weighting methods, which are related to mean imputation.

Model-based methods, where a model is designed for the incomplete data, and
parameters are estimated by techniques such as maximum likelihood.

The outcome of the first method, to only take into account complete data, had
already been analysed. The method was discarded since it did not produce enough
donors to continue with the project. Weighting methods were considered but was
discarded because of the time strain on this project. Time strain was also the expla-
nation for not trying model-based methods. Instead, the method used in this project
is a form of imputation method, where missing values HDL and Triglycerides for
dyslipidemia, as well as systolic and diastolic blood pressure for hypertension, were
set to “normal”. The motivation for this solution is that it is reasonable to make the
following assumption: if a value is missing, the doctor did not think it necessary to
check that value. In other words, the doctor presumed that it was normal. Thus,
the method used assumes that subjective information can be used in the process of
estimating missing values. A drawback of the method is that an estimated missing
value is an uncertainty factor, which might have the consequence that a donor is
placed in the wrong group. There is also a risk that a bias towards “normal” for the
named values is introduced, which has the effect that the distribution of values in
the database is altered. The possible effects derived from setting missing values to
“normal” for the used data will be discussed in chapter 7.

4.3.3 Motivation for choosing donors with only one risk fac-

tor

The groups of donors found contained overlaps. In order to obtain groups of donors
that have only one risk factor, the groups were divided further until they were distinct.
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The motivation for having groups with only one risk factor lay in the approach to the
problem. The approach taken is to first investigate the risk factors one at a time, and
then trying to compare them in order to investigate the metabolic syndrome. This
gave an opportunity to seek the contribution of single risk factors to the syndrome.
As a reference group, a group containing donors with none of the four risk factors
was created. Note that the donors in the five groups might have other diseases and
should therefore not be assumed to be healthy.

4.3.4 Data cleaning: lifestyle factors and extreme values

The donor IDs obtained from the previous steps were imported into the online version
of BioExpress. In order to cleanse the data, certain lifestyle factors were investigated.
Donors addicted to alcohol were removed because they are underrepresented in the
population as a whole. The second lifestyle factor considered was diet. Donors
having diabetic diet, except donors in the diabetes type 2 group, were removed. The
motivation is that if they have diabetic diet they might have diabetes, although they
do not have the diagnosis. They were not added to the diabetes type 2 group since
it is not certain that they have diabetes type 2.

Another factor that might influence the results is the existence of extreme values
(outliers). The donors that, according to the criteria stated and justified in table 4.2,
had to be removed are those having one or more of the following values:

Obesity: BMI less than 20

Diabetes type 2: Glucose q.a. LOW

Dyslipidemia: (HDL below 30 or q.a. LOW OR HDL past 80 or q.a HIGH ) AND
Triglyceride q.a. LOW

4.3.5 Selection of tissues

A donor recorded in BioExpress can have many tissue samples from different tissues.
After consulting the NR group at AstraZeneca, a list of the most interesting tissues
was produced:

• Adipose

• Liver

• Skeletal muscle

• Pancreas
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• Small intestine

• Kidney

This list was used when selecting the tissue samples used in the rest of the project.

4.3.6 Gender check

In order to determine if the groups containing donors with samples from the selected
tissue(s) were comparable to each other with respect to gender, the gender distri-
bution in the groups was investigated. If the gender distribution is very different
between the groups, it might have an impact on the results since the gene expression
for specific genes might differ between the genders. Not enough research has been
conducted to prove that this is not the case, and therefore the possibility could not
be overlooked.

4.3.7 Selection of gene expression data

The selection of gene expression data was made with the web-tool for GeneExpress.
The tool takes a set of donors and a set of probe sets as arguments, and returns
the resulting gene expression values to be exported as comma separated values (csv).
Since, at this point in the process, the data mining technique for the project had not
yet been selected, the data format needed for the technique was not known. Therefore,
the following three parameters were chosen, producing three different csv-files:

Intensity shows the numerical value of the measured intensity for the gene

Present/absent shows the nominal value of the measured intensity for the gene

P-value shows the statistical significance of each detection call

The ultimate choice of which parameter to use is performed when the data mining
technique has been determined. In order to be able to see the gene names in the csv-
file, the option “Known Gene Symbol” was chosen.

4.3.8 Selecting donors with MSDR

So far, only donors having single risk factors have been ordered into groups. The
next step in the process is to investigate donors having MSDR. Therefore, additional
groups were formed, containing donors from the different risk factor groups with dif-
ferent combinations of risk factors. Donors were considered having MSDR if they
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had at least three of the risk factors. In order to set the diagnosis MSDR, accord-
ing to the WHO criteria, glucose intolerance, impaired glucose tolerance or diabetes
mellitus and/or insulin resistance should be present together with two or more of
the risk components: impaired glucose tolerance, diabetes mellitus and/or insulin
resistance, raised arterial pressure, raised plasma triglycerides, low HDL-cholesterol,
central obesity, or microalbuminuria. ATPIII does not rank the risk factors but sim-
ply says that three of the following risk factors have to be present: abdominal obesity,
raised plasma triglycerides, low HDL-cholesterol, raised arterial blood pressure or high
fasting glucose.

The same data cleaning process as for the groups having only one risk factor was
performed for the MSDR groups. Next, a selection of which MSDR group to choose
for further investigation had to be made. The decision was based on which of the
MSDR groups that had most tissue samples for the tissue common with the tissue
chosen for the single risk factor groups. The motivation is that comparisons between
the single risk factors and the MSDR group could be carried out if they had the same
tissue. It was also taken into consideration which of the risk factors was present in
the MSDR groups. A gender distribution check was also performed for the selected
MSDR group. The selection of gene expression data for the preferred MSDR group
was performed in the same way as for the groups of donors with only one risk factor.

The different groups at this time in the project are thus:

A MSDR group containing donors having at least three different risk factors for
MSDR

A diabetes type 2 group containing donors having diabetes type 2 and no other
risk factor for MSDR

A dyslipidemia group containing donors having dyslipidemia and no other risk
factor for MSDR

A hypertension group containing donors having hypertension and no other risk
factor for MSDR

An obesity group containing obese donors having no other risk factor for MSDR

A reference group containing donors having none of the risk factor for MSDR

4.4 Technique selection

Objective 4: Identification and selection of data mining technique(s)
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In order to be of use to the pharmaceutical industry, the technique should show the
presumed differences in gene interactions between MSDR and non-MSDR patients,
because in order to produce a cure it must be visible what is wrong. The following
criteria was therefore set up for the technique: (1) it must be able to clearly show
the interactions between all genes in the selected pathways, and (2) it should be able
to capture changes in these interactions between MSDR patients and non-MSDR
patients. Techniques considered include Artificial Neural Networks (ANN), clustering
techniques such as k-means and Self Organizing Maps (SOM), decision trees, and
association algorithms.

ANNs were discarded since the information needed to understand why the ANN
succeeds is hard to extract from the weights in the ANN. Technique criteria (1) was
therefore not fulfilled.

Clustering techniques were investigated, but in order to use those techniques, the
interactions between the genes in a pathway had to be represented. A possibility
would be to put the expression levels of the genes in the selected pathways for a
single donor into a vector. A distance measure between the vectors would then
have to be implemented. The vectors can then be clustered and the resulting clusters
investigated in order to find out if vectors that contain expression values from patients
with MSDR have been clustered together. The problem with this technique is that
it does not clearly show how the genes in the selected pathways interact, and thus
criteria (1) was not met.

Decision trees was discarded since they can only predict one attribute and thus
can not find interactions such as “if gene A is present then gene C, D and E are
also present”. Therefore, they were not considered to be able to describe all possible
interactions in a pathway.

Association rules proved to be the technique that met criteria (1). An association
rule has the form [left itemset (LIS)] −→ [right itemset (RIS)], where the RIS is
likely to occur whenever the LIS occurs (Creighton & Hanash 2003). The different
itemsets can be composed of many single items, or in this case, genes. The rules
therefore clearly show the interactions between a number of genes. Creighton &
Hanash (2003) used association rules to mine a data set with gene expression values
from yeast. They state that “In analysis of gene expression data, the items in an
association rule can represent genes that are strongly expressed or repressed [...] ”.
Considering this statement, the conclusion was made that interactions between genes
in a pathway may be viewed as associations, and this satisfies the use of the algorithm
on pathway gene expression data. However, the analysis of the generated association
rules and their relevance to MSDR requires manual work. As a consequence, criteria
(2) is left to the analyst. In section 4.4.1, an introduction to associations rules and the
APRIORI algorithm used for mining them is presented. For a more comprehensive
description of the theory behind APRIORI, please refer to Agrawal et al. (1993) and
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Agrawal & Sirkant (1994).

4.4.1 The APRIORI algorithm for mining association rules

The APRIORI algorithm was introduced by Agrawal et al. (1993) and the implemen-
tation used in this thesis is the one in the Weka software (Witten & Frank 2000). The
APRIORI algorithm generates association rules for items in a data set, and Agrawal
et al. (1993) successfully used the algorithm to find associations in sales data from a
large retailing company. They found a number of rules, and the following example
is taken from the article: [Auto accessories], [Tires] −→ [Automotive services]. In
this case, the association rule represent a set of items that are likely to be purchased
together. The rule state that if a customer purchases auto accessories and tires, he
or she is likely to purchase automotive services in the same transaction. In the retail
industry, a single transaction refers to when a customer purchases one or more items
at the checkout counter. According to Creighton & Hanash (2003), a gene expression
profile transaction would include the set of genes that were up and the set of genes
that were down in the profile. The expression data used in this thesis does not contain
gene expression profiles in their usual sense, i.e. on a time scale. Instead it describes
the expression of genes for a specific donor tissue at a single moment in time. The
expression “profile” in this case constitutes a number of tissue donor samples, and a
transaction is therefore the set of genes that were up and the set of genes that were
down for a number of donor samples in the selected group.

The generated rules should not be considered as being classification rules, because
there are no pre-defined classes. Instead, the rules describe associations between
items. The differences between association rules and classification rules become ob-
vious if we look at the following two statements (Witten & Frank 2000):

1. Association rules can predict any attribute. Classification rules can only predict
the class.

2. Association rules can predict more than one attribute at a time. Classification
rules can only predict one class at a time.

The first step in finding association rules is to search for itemsets that frequently
occurs in the data. These itemsets are called large frequent itemsets (Agrawal
et al. 1993), and should have a transaction support above a pre-determined mini-
mum support s, where s denotes how often the itemset occur in the data. In the
second step, large itemsets are divided into smaller itemsets to generate association
rule for the database. The APRIORI algorithm relies on a fundamental property of
frequent itemsets, called the a priori property: every subset of a frequent itemset
must also be a frequent itemset (Creighton & Hanash 2003). The algorithm proceeds
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Gene A Gene B Gene C Gene D
Sample 1 Present Absent Present Present
Sample 2 Present Present Absent Present
Sample 3 Present Present Present Present
Sample 4 Present Absent Absent Present
Sample 5 Present Absent Present Present

Table 4.3: Hypothetical example of the gene expression data used in this thesis. The
donor samples are on the vertical axis and the genes on the horizontal. Measured
calls for the genes are shown inside the matrix.

iteratively, making multiple passes over the database in its search for frequent item-
sets, and heuristics are applied to the algorithm in order to make it faster (Agrawal
et al. 1993).

The generated association rules should have a minimum support s, i.e. the union of
the items in the consequent (RIS ) and antecedent (LIS ) of the rule should be present
in a minimum of s% of transactions in the database, and a minimum confidence c, i.e.
at least c% of transactions in the database that satisfy the antecedent (LIS ) of the
rule should also satisfy the consequent (RIS ) of the rule (Agrawal et al. 1993). As an
example, consider table 4.3 where a hypothetical example of the gene expression data
used in this thesis is shown. The donor samples are on the vertical axis and the genes
are on the horizontal. Measured calls for the genes are shown inside the matrix. A
valid association rule with a minimum support of 0.95 and confidence 1.00, is Gene
A = present −→ Gene D = Present. The support s is calculated by dividing
how many times the call occurs for that gene with the number of rows (number of
donor samples). In our example, the support is 1.00 (5/5=1), since both gene A and
gene D is Present for every donor sample. No other gene is included in the rule since
their support is not strong enough, e.g. the support for Gene B being Absent is only
0.6 (3/5=0.6). The confidence c for the rule Gene A = present −→ Gene D =
Present is 1.00, since confidence is calculated by dividing the support for the RIS
with the support for the LIS (5/5=1).

Note that the algorithm in Weka only handles nominal attributes. The conse-
quence is that only the data set with nominal values from section 4.3.7 can be used.
The other data sets, containing intensity and p-values, were thus not considered.

4.5 Preparing and processing the data

Objective 5: Data preparation and processing
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The Weka implementation of the APRIORI algorithm requires the data to be nom-
inal. As a consequence, the data with abscall values required in objective, “Selection
of gene expression data”, was used.

The data sets were also transposed, since GeneExpress produce a file containing
genes as rows, and Weka expects the items that shall be predicted, in this case the
genes, to be presented as columns.

A different number of rules was generated for the risk factors depending on how
many rules it would take until the defined thresholds were passed. Thresholds for the
rules were set as follows: minimum confidence = 1.00 and minimum support = 0.95.
The thresholds were set high in order to retain the most significant rules, and also
to minimize the number of rules in order to produce a manageable number of rules
which could be further analysed.

4.6 Analysing the results

Objective 6: Result analysis

A program was written in Java with the purpose of comparing the file containing
the output from the APRIORI algorithm for a risk factor with the file containing the
output for the reference group. The comparisons made were: (1) find the common
rules between the risk factor file and the reference group file and (2): find the rules in
the risk factor file that does not exist in the reference group file (unique rules). The
Java program can be found in appendix E.

The output from the Java program was then further analysed manually. Since
the algorithm produces a large number of rules, sometimes thousands, a method
was needed to further reduce the number of rules in order to produce a manageable
set of rules which could then be analysed. Creighton & Hanash (2003) states that
the analyst often is more interested in the larger frequent itemsets. Many smaller
frequent itemsets will therefore be redundant because many of them are subsets of
larger frequent itemsets. The procedure applied in this thesis was therefore to find
association rules that contained as many genes as possible from the pathway. Thus, a
smaller amount of association rules that describes associations between genes in the
pathway could be analysed.
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Results

In this chapter, the results produced by performing the implementation steps de-
scribed in the previous chapter are presented. Tables and figures are used to illustrate
the results.

5.1 NRs and COs that are related to MSDR

Objective 1: Extraction of data concerning NRs and COs, and genes related to MSDR

The Knowledge Bank gene names were joined with the NRs and COs derived from
the NR database at AstraZeneca, with the purpose of finding NRs and COs related
to MSDR. The resulting NRs and COs are presented in tables 5.4 and 5.5.

Nuclear Receptors
PPARG
PPARA
PPARD
RARA
RARB
RXRA
THRB
NR3C1b

Table 5.4: The NRs found when
joining the Knowledge Bank with
the list of NRs.

bDenoted as GRL in the Knowledge
Bank.

co-factors
MSC
PPARGC1
MEF2A
MYOD1
USF1
DAP3
CBFA2T1
NFE2L1a

Table 5.5: The COs found when
joining the Knowledge Bank with
the list of COs.

aDenoted as NRF1 in the Knowledge
Bank.
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5.2 Pathways that contain the resulting NRs and

COs

Objective 2: Find pathways that relate to NRs, COs, and MSDR

The first approach, to join the NRs and COs that were shared by the Knowledge
Bank with pathways in BioExpress, produced eleven pathways which are introduced
in table 5.6. The second approach, to search pathway databases for pathways corre-
sponding to the genes, produced another nine pathways. The pathway databases Ky-
oto Encyclopedia of Genes and Genomes (KEGG) and BioCarta, and Expert Protein
Analysis System’s access to the digitized version of the Roche Applied Science “Bio-
chemical Pathways” wall chart, were used in the search. KEGG is a bioinformatics
resource which includes a pathway database. The KEGG project is undertaken in the
Bioinformatics Center, Institute for Chemical Research, Kyoto University (Kanehisa
et al. 2002). The Expert Protein Analysis System (ExPASy) proteomics server from
the Swiss Institute of Bioinformatics (SIB) is dedicated to molecular biology with an
emphasis on data relevant to proteins (Bairoch et al. 2003). Hits were only found in
BioCarta and these are shown in table 5.7.

No Signaling pathway
1 Basic mechanism of action of PPARa, PPARb(d) and PPARg and effects

on gene expression
2 Degradation of the RAR and RXR by the proteasome
3 FXR and LXR Regulation of Cholesterol Metabolism
4 Nuclear receptors coordinate the activities of chromatin remodeling

complexes and coactivators to facilitate initiation of transcription
carcinoma cells

5 Transcription Regulation by Methyltransferase of CARM1
6 Visceral Fat Deposits and the Metabolic Syndrome
7 WNT Signaling Pathway
8 Angiotensin II mediated activation of JNK Pathway via

Pyk2 dependent signaling
9 Control of skeletal myogenesis by HDAC & calcium/calmodulin-dependent

kinase (CaMK)
10 p38 MAPK Signaling Pathway
11 Signal Dependent Regulation of Myogenesis by Corepressor MITR

Table 5.6: The resulting pathways after a join with NRs and COs that are known, ac-
cording to the Knowledge Bank, to be involved in MSDR. The names of the pathways
are taken from the BioCarta database.
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No Signaling pathway
1 Role of PPAR-gamma Coactivators in Obesity and Thermogenesis
2 Toll-like receptor pathway
3 Map Kinase Inactivation of SMRT corepressor
4 Regulation of transctiptional activity by PML
5 Corticosteroids and cardioprotection
6 NFKB activation by nontypeable Hemophilus inflenzae
7 CARM1 and Regulation of the estrogen receptor
8 MAPKinase signaling pathway
9 Role of Erk5 in Neuronal survival

Table 5.7: The resulting pathways after searching the BioCarta database for pathways
matching the NRs and COs that are known, according to the Knowledge Bank, to be
involved in MSDR. The names of the pathways are taken from the BioCarta database.

5.2.1 Selecting the final pathways

Four pathways were selected as the most interesting. Three of them were chosen for
further investigation, since analysing four pathways would take more time than was
available for this final year project. Pathway number 4 in table 5.8 was excluded since
more time would have to be spent on searching for the official names of the genes in
the pathway and good probe sets than for the other pathways. The pathways were
selected because they had an obvious connection to MSDR, or one or more of the
risk factors. The NR group at AstraZeneca’s knowledge about which genes that are
involved in MSDR or its risk factors was used in the selection process. The four most
interesting pathways are presented in table 5.8 and the selected three (number 1, 2
and 3) are then further described. All NRs in table 5.4, and COs in table 5.5 are not
represented in the pathways. The NRs that are not represented are RARA, RARB
and THRB, and the only CO that is represented is PPARGC1. An NR that can
also act as a CO, i.e. Retinoic acid receptor RXR-beta (RXRB), has been added,
since it is not clear in the BioCarta pathways witch Retinoic acid receptor that is
intended, alpha or beta. COs that have been added according to the pathway “‘Role
of PPAR-gamma Coactivators in Obesity and Thermogenesis” are CREB-binding
protein, E1A-associated protein p300, Nuclear receptor co-activator 2, Peroxisome
proliferator-activated receptor binding protein and Proto-oncogene tyrosine-protein
kinase Src. The NRs and COs in table 5.4 and 5.5 were in other words used as a
starting point to find interesting pathways, and the final genes used are the ones
involved in the selected pathways.
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No Signaling pathway
1 Basic mechanism of action of PPARa, PPARb(d) and PPARg and effects

on gene expression
2 Role of PPAR-gamma Coactivators in Obesity and Thermogenesis
3 Visceral Fat Deposits and the Metabolic Syndrome
4 FXR and LXR Regulation of Cholesterol Metabolism (excluded)

Table 5.8: The four pathways that were selected to be the most interesting from a
MSDR viewpoint. Pathway number 4 was excluded since the time it would have
taken to search for the official names of the genes in the pathway and for good probe
sets was not available in this project. The names of the pathways are taken from the
BioCarta database.

Pathway “Basic mechanism of action of PPARa, PPARb(d) and effects on
gene expression”

Peroxisome proliferator-activated receptors (PPARs) are activated by ligands such as
fatty acids or hypolipidemic drugs. They interact with retinoic acid receptors (RXRs)
and regulate the transcription of certain genes. These genes are for example involved
in fatty acid metabolism and storage. The genes involved in the pathway are listed in
table 5.9. Figure 5.4 gives an overview of the pathway and the interactions between
the genes.

Gene Type
Peroxisome proliferator-activated receptor alpha NR
Peroxisome proliferator-activated receptor delta NR
Peroxisome proliferator-activated receptor gamma NR
Retinoic acid receptor RXR-alpha NR/CO
Retinoic acid receptor RXR-beta NR/CO

Table 5.9: Genes involved in the pathway “Basic mechanism of action of PPARa,
PPARb(d) and effects on gene expression”. NR denotes nuclear receptor and CO
denotes co-factor. Some NRs also function as COs. When this is the case, the
notation NR/CO is used.

Pathway “Role of PPAR-gamma Coactivators in Obesity and Thermoge-
nesis”

Peroxisome proliferator-activated receptor gamma (PPARγ) is a member of the NR
receptor family that is activated by fatty acids and thiazolidinedione drugs. PPARγ
acts together with co-activators to induce transcription of specific genes (BioCarta
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Figure 5.4: The pathway “Basic mechanism of action of PPARa, PPARb(d) and
effects on gene expression”. White arrows symbolise known activation, grey thin
arrows symbolise speculative activation, and thick grey arrows symbolise gene ex-
pression. The figure was downloaded from BioCarta (BioCarta 2003). BioCarta
allows information downloading for own use or non commercial redistribution.

2003). The genes involved in the pathway are listed in table 5.10. Figure 5.5 gives
an overview of the pathway and the interactions between the genes.

Pathway “Visceral Fat Deposits and the Metabolic Syndrome”

The glucocorticoid receptor (NR3C1 or GR) is involved in the up-regulation and
down-regulation of various genes that are thought to be involved in MSDR (BioCarta
2003). The genes involved in the pathway are listed in table 5.11. Figure 5.6 gives an
overview of the pathway “Visceral Fat Deposits and the Metabolic Syndrome” and
the interactions between the genes.
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Gene Type
CREB-binding protein CO
E1A-associated protein p300 CO
Lipoprotein lipase OP
Nuclear receptor co-activator 2 CO
Peroxisome proliferator-activated receptor binding protein CO
Peroxisome proliferator-activated receptor gamma NR
Peroxisome proliferator-activated receptor gamma co-activator 1 CO
Retinoic acid receptor RXR-alpha NR/CO
Retinoic acid receptor RXR-beta NR/CO
Proto-oncogene tyrosine-protein kinase Src CO

Table 5.10: Genes involved in the pathway “Role of PPAR-gamma Coactivators in
Obesity and Thermogenesis”. NR denotes nuclear receptor, CO denotes co-factor and
OP denotes other protein. Some NRs also function as COs. When this is the case,
the notation NR/CO is used.

Figure 5.5: The pathway “Role of PPAR-gamma Coactivators in Obesity and Ther-
mogenesis”. White arrows symbolise known activation and black lines ending with
a “T” symbolise blocking activity. The figure was downloaded from BioCarta
(BioCarta 2003). BioCarta allows information downloading for own use or non com-
mercial redistribution.
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Gene Type
Adiponectin OP
Corticosteroid 11-beta-dehydrogenase, isozyme 1 OP
Glucocorticoid receptor NR
Lipoprotein lipase OP
Peroxisome proliferator-activated receptor gamma NR
Resistin OP
Retinoic acid receptor RXR-alpha NR/CO
Retinoic acid receptor RXR-beta NR/CO
Tumor necrosis factor alpha OP

Table 5.11: Genes involved in the pathway “Visceral Fat Deposits and the Metabolic
Syndrome”. NR denotes nuclear receptor, CO denotes co-factor and OP denotes
other protein. Some NRs also function as COs. When this is the case, the notation
NR/CO is used.

5.2.2 Probe set selection for the genes in the pathways

This section corresponds to section 4.2.1, where a description of the probe set selection
procedure can be found together with a motivation for the procedure.

Probe sets with warnings

Probe sets with warnings in BioExpress should be removed because they might fail
to hybridize with the right sequence, and also because they might hybridize with the
wrong sequence. Table 5.12 shows which probe sets for pathway no. 2 in table 5.8,
“Role of PPAR-gamma Coactivators in Obesity and Thermogenesis” had warnings,
and table 5.13 shows the corresponding information for pathway no. 3 in table 5.8,
“Visceral Fat Deposits and the Metabolic Syndrome”. The probe sets for pathway
no. 1 in table 5.8, “Basic mechanism of action of PPARa, PPARb(d) and effects on
gene expression”, had no warnings.

42



Chapter 5. Results

Figure 5.6: The pathway “Visceral Fat Deposits and the Metabolic Syndrome”.
White arrows symbolise known activation and black lines ending with a “T”, sym-
bolise blocking activity. The figure was downloaded from BioCarta (BioCarta 2003).
BioCarta allows information downloading for own use or non commercial redistribu-
tion.
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Gene name Gene ID Probe set Fragment ID Warning
CREBBP G1387 202160 at 232824
CREBBP G1387 211808 s at 242339
CREBBP G1387 216362 at 246868 Yes
EP300 G2033 213579 s at 244094
LPL G4023 203548 s at 234210
LPL G4023 M15856 at 37058
LPL G4023 41209 at 109581
LPL G4023 203549 s at 234211
NCOA2 G10499 205731 s at 236393
NCOA2 G10499 34313 at 110175
NCOA2 G10499 34312 at 110174
NCOA2 G10499 205732 s at 236394
NCOA2 G10499 rc t77464 13938
NCOA2 G10499 212867 at N243387
NCOA2 G10499 rc aa292711 at 6355
NCOA2 G10499 X97674 at 39967 yes
PBP G5037 205353 s at 236015
PBP G5037 211941 s at 242464
PBP G5037 32611 at 112728
PBP G5037 rc D52097 s at 32151
PBP G5037 X75252 at 39660
PBP G5037 210825 s at 241420
PPARG G5468 208510 s at 239143
PPARGC1 G10891 219195 at 249694
RXRA G6256 202449 s at 233113
RXRB G6257 209148 at 239777
SRC G6714 213324 at 243840
SRC G6714 rc AA402622 at 6634
SRC G6714 38904 at 105698

Table 5.12: Probe sets obtained from BioExpress for the pathway “Role of PPAR-
gamma Coactivators in Obesity and Thermogenesis”. The warning “Probes far from
3-prime end” applied to all probes that had a warning.
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Gene name Gene ID Probe set Fragment ID Warning
APM1 G9370 40658 r at 106254
APM1 G9370 D45371 at 35842
APM1 G9370 207175 at 237835
APM1 G9370 rc H15814 s at 32475
APM1 G9370 40657 r at 106253
FIZZ3 G56729 220570 at 251069
HSD11B1 G3290 205404 at 236066
HSD11B1 G3290 35702 at 107786
HSD11B1 G3290 M76665 at 37528
LPL G4023 203548 s at 234210
LPL G4023 203549 s at 234211
LPL G4023 41209 at 109581
LPL G4023 M15856 at 37058
NR3C1 G2908 201865 x at 232529 Yes
NR3C1 G2908 211671 s at 42208 Yes
NR3C1 G2908 201866 s at 232530
PPARG G5468 208510 s at 239143
RETN G56729 220570 at 251069
RXRA G6256 202426 s at 233090 Yes
RXRA G6256 202449 s at 233113
RXRB G6257 209148 at 239777
RXRB G6257 215099 s at 245608 Yes
TNF G7124 207113 s at 237774
TNF G7124 1852 at 113105
TNF G7124 259 s at 114692
TNF G7124 X02910 at 39178

Table 5.13: Probe sets obtained from BioExpress for the pathway “Visceral Fat De-
posits and the Metabolic Syndrome”. The warning “Probes far from 3-prime end”
applied to all probes that had a warning.
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Pathway genes with their corresponding probe sets

When the pathway probe sets were imported into GeneExpress, those probe sets that
were not on the HG-U133 chip were discarded. The discarded probe sets were found
on the HG-U95 chip, an older version of the HG-U133 chip. Genes having more than
one probe set were denoted with the suffixes (1), (2) and so on for each probe set.

In order to further reduce the number of probe sets for a single gene, information
from the Affymetrix Frequently Asked Questions (FAQ) (Affymetrix 2003b) about
the probe name suffixes was used. Probe sets with extension “ at” represent unique
probe sets that correspond to a single gene. According to the FAQ, probe sets with
extension “ s at” in most cases represent transcripts from the same gene, but it can
also represent transcripts from homologous genes. Probe sets with extension “ x at”
may cross-hybridize with sequences from other genes than the target gene. Inter-
pretation of data generated from “ x at” probe sets should therefore be done with
caution. The conclusion drawn from this information is that, if a gene has more than
one probe set, the probe sets ending with “ s at” or “ x at” can be deleted, since the
may not represent the desired gene. Tables 5.14, 5.15 and 5.16 show the final probe
sets for the desired genes when probe sets ending with “ s at” or “ x at” have been
removed. If a gene had several probe sets ending with “ s at” and no unique probe
sets, all probe sets except one were removed, without priority.

Gene name Gene ID Fragment ID Probe set Gene type
PPARA G5465 237531 206870 at nuclear receptor
PPARD(2) G5467 105143 37152 at nuclear receptor
PPARG G5468 239143 208510 s at nuclear receptor
RXRA G6256 233113 202449 s at nuclear receptor/co-factor
RXRB G6257 239777 209148 at nuclear receptor/co-factor

Table 5.14: Final genes and probe sets for the pathway “Basic mechanism of action
of PPARa, PPARb(d) and PPARg and effects”. The PPARD(1) probe set has been
removed.
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Gene name Gene ID Fragment ID Probe set Gene type
CREBBP(1) G1387 232824 202160 at co-factor
EP300 G2033 244094 213579 s at co-factor
LPL(2) G4023 234211 203549 s at other protein
NCOA2(3) G10499 243387 212867 at co-factor
PBP(1) G5037 236015 205353 s at co-factor
PPARG G5468 239143 208510 s at nuclear receptor
PPARGC1 G10891 249694 219195 at co-factor
RXRA G6256 233113 202449 s at nuclear receptor/co-factor
RXRB G6257 239777 209148 at nuclear receptor/co-factor
SRC G6714 243840 213324 at co-factor

Table 5.15: Final genes and probe sets for the pathway “Role of PPAR-gamma Coac-
tivators in Obesity and Thermogenesis”. The CREBBP(2), LPL(1), NCOA2(1),
NCOA2(2), PBP(2) and PBP(3) probe sets have been removed.

Gene name Gene ID Fragment ID Probe set Gene type
APM1 G9370 237835 207175 at other protein
FIZZ3 G56729 251069 220570 at other protein
HSD11B1 G3290 236066 205404 at other protein
LPL(2) G4023 234211 203549 s at other protein
NR3C1 G2908 232530 201866 s at nuclear receptor
PPARG G5468 239143 208510 s at nuclear receptor
RETN G56729 251069 220570 at other protein
RXRA G6256 233113 202449 s at nuclear receptor/co-factor
RXRB G6257 239777 209148 at nuclear receptor/co-factor
TNF G7124 237774 207113 s at other protein

Table 5.16: Final genes and probe sets for the pathway “Visceral fat deposits and the
metabolic syndrome”. The LPL(1) probe set has been removed.

5.3 Donors that respond to the criteria

Objective 3: Selection of tissue donor individuals

Applying the criteria for choosing donors with MSDR risk factors produced the
results in table 5.17. The results are presented as the number of donors having the
risk factor. There might be overlaps between the groups. The donors were extracted
from the BioExpress database using the Standard Query Language (SQL).
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Obesity Hypertension Diabetes type 2 Dyslipidemia
Neg Pos Neg Pos Neg Pos Neg Pos
2336 968 19 1245 2149 829 11 267

Table 5.17: The results from using the criteria. No negative samples that had more
than five samples per tissue could be found for hypertension or dyslipidemia.

5.3.1 Missing values

Since the application of the criteria produced no negative donors that had more than
five samples per tissue for hypertension or dyslipidemia, the missing values for these
risk factors were set to “normal”, in order to raise the number of samples. Table
5.18 contains the updated number of donors for hypertension and dyslipidemia, and
the number of donors for obesity and diabetes type 2. Due to BioExpress database
updates, the number of donors differs from table 5.17 for the obesity and diabetes
type 2 groups, as well as for the positive groups for dyslipidemia and hypertension.

Obesity Hypertension Diabetes type 2 Dyslipidemia
Neg Pos Neg Pos Neg Pos Neg Pos
2003 648 3264 1024 4389 1086 4202 159

Table 5.18: The results from setting missing values to “normal” for hypertension and
dyslipidemia. The numbers for the other risk factors and for the positive dyslipi-
demia and hypertension groups does not correspond to the ones in table 5.17 due to
BioExpress database updates.

5.3.2 Selection of donors having only one risk factor and se-

lection of the reference group

Further division of the groups and selection of donors that have only the specific
risk factor and none of the others produced the results in table 5.19. The results
are presented as the number of donors having a single risk factor and the number of
donors in the reference group.

5.3.3 Data cleaning: lifestyle factors and extreme values

The online version of BioExpress had been updated recently, with the consequence
that more samples were available. Some donor IDs did however only exist on the HG-
U95 chip, an older version of the HG-U133 chip, and were therefore excluded. The
remaining donors were checked for extreme values and unsuitable lifestyle factors.
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Risk factor Number of donors
Obesity 287
Hypertension 505
Diabetes type 2 701
Dyslipidemia 30
None 1221

Table 5.19: Number of donors that only have one risk factor and number of donors
that have none of the four risk factors (reference group).

After removal of extreme factors and lifestyle factors (see section 4.3.4 for details)
the number of donors was reduced, but still considered high enough to proceed with
the project. Table 5.20 shows the number of donors after the import into the online
version of BioExpress and the following data cleaning process.

Risk factor Number of donors
Obesity 287
Hypertension 420
Diabetes type 2 603
Dyslipidemia 29
None 966

Table 5.20: Number of donors after import into the online version of BioExpress and
the following data cleaning process.

5.3.4 Selection of tissues

The number of samples for each tissue can be viewed in appendix C. The only tissues
common to all four risk factors that had at least five samples for each tissue were:

• colon

• kidney

• lung

• ovary

Since kidney was the only tissue that was common with the list provided by
the NR group at AstraZeneca (see section 4.3.5), this tissue was chosen as the only
interesting tissue to proceed with. Appendix C lists the number of samples for all
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tissues and every risk factor. Table 5.21 shows the number of kidney tissue donors
and the number of kidney tissue samples for the different risk factors. Since one
donor can have many tissue samples, the number of donors and the number of tissue
samples does not correspond.

Risk factor Number of donors Number of samples
Obesity 12 17
Hypertension 22 31
Diabetes type 2 15 20
Dyslipidemia 5 8
None 27 37

Table 5.21: Number of donors and number of kidney tissue samples for the different
risk factors.

5.3.5 Gender check

If a gender is overrepresented in a group, this might influence the results when the
groups are combined to represent donors with MSDR, or when comparisons are made
between the groups. The results from the investigation of gender distribution between
the risk factor groups are presented in table 5.22. The table shows that the gender
distribution between the groups are similar, except for the hypertension group. It
should therefore be possible to compare the groups against each other. Though when
comparisons are made between the hypertension group and other groups, the differ-
ence in distribution could influence the results, and should therefore be considered as
a possible error source.

5.3.6 Donors with MSDR

Since the MSDR groups were formed from the risk factor groups where missing values
for hypertension and dyslipidemia had been set to normal, no investigation of missing
values was necessary. The tissues for the MSDR groups are shown in appendix D.
Tissue selection was performed. The group that had all risk factors except diabetes
type 2 was selected as the final group, since it was the only group that had enough
samples for the tissue common with the risk factor groups and the reference group, i.e.
kidney. The data cleaning process was performed in the same way as for the risk factor
groups and reference group. No donors had to be removed from the selected MSDR
group. Table 5.23 shows the number of kidney samples for the different combinations
of risk factors.
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Risk factor Gender No Percentage
Diabetes type 2 Female 6 30

Male 14 70
Dyslipidemia Female 3 37

Male 5 63
Hypertension Female 18 58

Male 13 42
Obesity Female 7 41

Male 10 59
None Female 10 27

Male 27 73

Table 5.22: Gender distribution over the groups. The distribution over the groups is
similar except for the hypertension group.

Risk factor combination Number of samples
obesity, hypertension, diabetes type 2, dyslipidemia 2
obesity, hypertension, dyslipidemia 7
obesity, hypertension, diabetes type 2 4
obesity, diabetes type 2, dyslipidemia 2
hypertension, diabetes type 2, dyslipidemia 4

Table 5.23: Number of kidney tissue samples for the different combinations of risk
factors. The combination obesity, hypertension and dyslipidemia was chosen as the
MSDR group.

Gender check

The samples with kidney tissue were checked for their gender distribution. Table
5.24 shows the gender distribution for these samples. The table shows that the
gender distribution was similar to the distributions for the single risk factor groups
(see table 5.22). A comparison between the MSDR group and the single risk factor
groups should therefore be possible. Though when a comparison is made between
the MSDR group and the hypertension group, the difference in distribution could
influence the results, and should therefore be considered as a possible error source.

Risk factor Gender No Percentage
All minus diabetes type 2 Female 2 29

Male 5 71

Table 5.24: Gender distribution for the samples having all risk factors except diabetes
type 2.
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5.4 Prepare and process the data

Objective 5: Data preparation and processing

The prepared data was processed with the Weka implementation of the APRIORI
algorithm. The algorithm produces association rules for the genes in the data set. For
an explanation of the algorithm please see section 4.4.1. First, the genes involved in
the pathway are presented, followed by the results from the algorithm for the different
risk factors. The associated genes are those for which the algorithm could find rules
that were unique to a specific risk factor. Note however that the term unique only
is valid for a rule if it does not occur in the reference group, but versions of the rule
might still exist in the reference group. An example is the unique rule RXRB=P −→
FIZZ3=A TNF=A for the diabetes type 2 group in the pathway “Visceral fat deposits
and the metabolic syndrome”, which has a very similar rule common to the reference
group, namely RXRB=P TNF=A −→ FIZZ3=A. By applying formal logic, it can be
determined if a rule is equivalent with another rule. This however is not conducted
in this thesis. Instead a reasoning about the quality of the rules is performed in
chapter 6. The motivation is that association rules does not imply a cause and effect
relationship, and therefore the results of applying formal logic might be misleading.

Due to the huge amount of rules generated, only a few of the characteristic rules are
presented. The procedure applied in this thesis to select the characteristic rules was
to find association rules that contained as many genes as possible from the pathway.
For a motivation for this procedure, see section 4.6.

The names of the genes are those that are used by GeneExpress, the corresponding
Human Genome Organization (HUGO) names are supplied as footnotes when they
do not agree with the names in GeneExpress. HUGO gene names are assigned by the
Human Gene Nomenclature Committee (Wheeler 2000).

5.4.1 The pathway “Basic mechanism of action of PPARa,

PPARb(d) and PPARg and effects on gene expression”

For an overview of the pathway, please refer to section 5.2.1. No rules common to the
reference group existed for this pathway.

Genes involved in the pathway:

• PPARA (Peroxisome proliferator-activated receptor alpha)

• PPARD (Peroxisome proliferator-activated receptor delta)

• PPARG (Peroxisome proliferator-activated receptor gamma)
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• RXRA (Retinoic acid receptor RXR-alpha)

• RXRB (Retinoic acid receptor RXR-alpha)

The following subsections show the results for the MSDR group, and the groups
having a single risk factor.

MSDR

2 unique rules were generated for this group. The presented unique rule shows the
interaction between the NRs RXRA and RXRB. RXRA and RXRB can also act as
COs.

Characteristic rule:

• RXRA=P −→ RXRB=P

Diabetes type 2

2 unique rules were generated for this group. The presented unique rule shows the
interaction between the NRs RXRA and RXRB. RXRA and RXRB can also act as
COs.

Characteristic rule:

• RXRA=P −→ RXRB=P

Dyslipidemia

12 unique rules were generated for this group. The presented unique rule shows the
interactions between the NRs RXRB, PPARD and PPARG. Since RXRB also can
act as an CO, the rule describes associations between NRs and COs.

Characteristic rules:

• RXRB=P −→ PPARD(2)=A PPARG=A

Hypertension

12 unique rules were generated for this group. The presented unique rule shows the
interaction between the NRs RXRA and RXRB. RXRA and RXRB can also act as
COs.

Characteristic rule:

• RXRA=P −→ RXRB=P
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Obesity

2 unique rules were generated for this group. The presented unique rule shows the
interactions between the NRs RXRB and PPARD. Since RXRB also can act as an
CO, the rule describes an association between an NR and an CO.

Characteristic rule:

• RXRB=P −→ PPARD(2)=A

5.4.2 The pathway “Role of PPAR-gamma Coactivators in

Obesity and Thermogenesis”

For an overview of the pathway, please refer to section 5.2.1.

Genes involved in the pathway:

• CREPPB (CREB-binding protein)

• P3001 (E1A-associated protein p300)

• PBP (Peroxisome proliferator-activated receptor binding protein)

• LPL (Lipoprotein lipase)

• NCOA2 (Nuclear receptor co-activator 2)

• PPARG (Peroxisome proliferator-activated receptor gamma)

• PPARGC1 (Peroxisome proliferator-activated receptor gamma co-activator 1)

• RXRA (Retinoic acid receptor RXR-alpha)

• RXRB (Retinoic acid receptor RXR-alpha)

• SRC (Proto-oncogene tyrosine-protein kinase Src)

The following subsections show the results for the MSDR group, and the groups
having a single risk factor.

1HUGO name EP300
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MSDR

1752 unique and 180 common rules were generated for this group. The presented
unique rules show the interactions between the NRs RXRB and NCOA2, the COs
PBP, CREBBP and SRC, and the protein LPL. Since PBP, CREBBP and SRC are
COs, and RXRB also can act as an CO, the rules describes associations between NRs,
COs and one other protein in the pathway (LPL).

Characteristic unique rules:

• NCOA2(3)=P PBP(1)=P RXRA=P −→ LPL(2)=P

• LPL(2)=P −→ CREBBP(1)=P RXRA=P RXRB=P SRC=A

Characteristic rules common with the reference group:

• NCOA2(3)=P −→ PBP(1)=P RXRB=P

• CREBBP(1)=P RXRB=P −→ SRC=A

Diabetes type 2

38 unique and 12 common rules were generated for this group. The presented unique
rule shows the interactions between the NRs RXRA, RXRB and NCOA2, and the
CO PBP. Since PBP is an CO, and RXRA and RXRB also can act as COs, the rule
describes associations between NRs and COs.

Characteristic unique rule:

• NCOA2(3)=P PBP(1)=P −→ RXRA=P RXRB=P

Characteristic rule common with the reference group:

• NCOA2(3)=P PBP(1)=P −→ RXRB=P

Dyslipidemia

422 unique and 180 common rules were generated for this group. The presented
unique rules show the interactions between the NRs RXRB, NCOA2 and PPARG,
and the COs PBP, CREBBP and SRC. Since PBP, CREBBP and SRC are COs, and
RXRB also can act as an CO, the rules describes associations between NRs and COs.

Characteristic unique rules:

• NCOA2(3)=P PPARG=A −→RXRB=P

• PPARG=A RXRB=P −→ PBP=P
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• CREBBP(1)=P −→ PPARG=A RXRB=P SRC=A

Characteristic rules common with the reference group:

• RXRB=P −→ PBP=P

• CREBBP(1)=P −→ PPARG=A RXRB=P SRC=A

• NCOA2(3)=P RXRB=P SRC=A −→ CREBBP(1)=P

Hypertension

65 unique and 50 common rules were generated for this group. The presented unique
rules show the interactions between the NRs RXRA, RXRB and NCOA2, and the
COs PBP and CREBBP. Since PBP and CREBBP are COs, and RXRA and RXRB
also can act as COs, the rules describes associations between NRs and COs.

Characteristic unique rules:

• CREBBP(1)=P RXRA=P −→ RXRB=P

• PBP=P RXRA=P RXRB=P −→ NCOA2(3)=P

Characteristic rules common with the reference group:

• CREBBP(1)=P −→ RXRB=P

• PBP=P RXRB=P −→ NCOA2(3)=P

Obesity

130 unique and 50 common rules were generated for this group. The presented unique
rules show the interactions between the NRs RXRB and NCOA2, the COs PBP and
SRC, and the protein LPL. Since PBP and SRC are COs, and RXRB also can act as
an CO, the rules describes associations between NRs, COs and one other protein in
the pathway (LPL).

Characteristic unique rules:

• LPL(2)=P −→ NCOA2(3)=P PBP(1)=P RXRB=P SRC=A

• NCOA2(3)=P RXRB=P −→ LPL(2)=P PBP(1)=P

Characteristic rule common with the reference group:

• PBP(1)=P RXRB=P −→ NCOA2(3)=P

• SRC=A −→ RXRB=P
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5.4.3 The pathway “Visceral fat deposits and the metabolic

syndrome”

Genes involved in the pathway:

• NR3C1 (Glucocorticoid receptor)

• PPARG (Peroxisome proliferator-activated receptor gamma)

• RXRA (Retinoic acid receptor RXR-alpha)

• RXRB (Retinoic acid receptor RXR-alpha)

• HSD11B1 (Corticosteroid 11-beta-dehydrogenase, isozyme 1)

• LPL (Lipoprotein lipase)

• FIZZ32 (Resistin)

• APM1 (Adiponectin)

• TNF (Tumor necrosis factor alpha)

The following subsections show the results for the MSDR group, and the groups
having a single risk factor.

MSDR

173 unique and 7 common rules were generated for this group. The presented unique
rules show the interactions between the NRs RXRA and RXRB, and the proteins
FIZZ3, LPL and TNF. No COs are present in the rules, but RXRA and RXRB can
act as COs. The rules therefore describes associations between NRs other proteins in
the pathway.

Characteristic unique rules:

• RXRA=P −→ FIZZ3=A LPL(2)=P TNF=A

• RXRB=P −→ FIZZ3=A LPL(2)=P TNF=A

Characteristic rule common with the reference group:

• RXRB=P TNF=A −→ FIZZ3=A

2HUGO name RETN
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Diabetes type 2

43 unique and 7 common rules were generated for this group. The presented unique
rules show the interactions between the NRs RXRA and RXRB, and the proteins
FIZZ3 and TNF. No COs are involved in the rules, but RXRA and RXRB can act
as COs. The rules therefore describes associations between NRs and other proteins
in the pathway.

Characteristic unique rules:

• RXRB=P −→ FIZZ3=A TNF=A

• RXRA=P −→ FIZZ3=A TNF=A

Characteristic rule common with the reference group:

• RXRB=P TNF=A −→ FIZZ3=A

Dyslipidemia

173 unique and 7 common rules were generated for this group. The presented unique
rule shows the interactions between the NRs RXRB, NR3C1 and PPARG, and the
proteins FIZZ3 and TNF. No COs are present in the rules, but RXRB can act as
an CO. The rule therefore describe an association between NRs other proteins in the
pathway.

Characteristic unique rule:

• NR3C1=A PPARG=A RXRB=P −→ FIZZ3=A TNF=A

Characteristic rule common with the reference group:

• RXRB=P TNF=A −→ FIZZ3=A

Hypertension

5 unique and 2 common rules were generated for this group. The presented unique
rule shows the interactions between the NRs RXRA and RXRB, and the protein
FIZZ3. No COs are involved in the rules, but RXRA and RXRB can act as COs.
The rule therefore describes an association between NRs and one other protein in the
pathway (FIZZ3).

Characteristic unique rule:

• RXRA=P RXRB=P −→ FIZZ3=A

Characteristic rule common with the reference group:

• RXRB=P −→ FIZZ3=A
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Obesity

10 unique and 2 common rules were generated for this group. The presented unique
rule shows the interactions between the NR RXRB, and the proteins FIZZ3 and LPL.
No COs are involved in the rules, but RXRB can act as an CO. The rule therefore
describe an association between NRs other proteins in the pathway.

Characteristic unique rule:

• RXRB=P −→ FIZZ3=A LPL(2)=P

Characteristic rule common with the reference group:

• RXRB=P −→ FIZZ3=A
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Rule analysis

In this chapter, an analysis of the rules generated for the different pathways is per-
formed. Every pathway section begins with a brief description of interactions between
the genes in the specific pathway. Next, an analysis is performed for the single risk
factors and the MSDR group, followed by an analysis of overlapping rules between
risk factors. The overlapping rules are then compared to the rules generated for the
MSDR group. If a rule is interesting as biomarker for a single risk factor, or for
MSDR, it is called a candidate rule. At the end of this chapter there is a summary
section, in which a summary of the analysis is presented, and a validation of the
candidate rules is performed.

6.1 Pathway “Basic mechanism of action of

PPARa, PPARb(d) and PPARg and effects on

gene expression”

PPARs interact with RXRs upon ligand binding, causing the PPAR/RXR complex
to bind to peroxisome proliferator response elements (PPREs) and regulate the ex-
pression of target genes (Qi et al. 2000). PPARA, PPARD and PPARG have all
three been found in kidney (Francis et al. 2003). PPARD is thought to modulate the
activity of PPARG and PPARA (Jow & Mukherjee 1995, Shi et al. 2002).

The only groups for which any of the PPARs were found in the generated rules
are dyslipidemia and obesity. For the other risk factors, PPARs varied more than
the thresholds allowed and were therefore not included in the rules. PPARD and
PPARG were absent in dyslipidemia and PPARD was absent in obesity. PPARA
varied a little and was therefore not included in the generated rules due to the high
thresholds used.

The unique rule RXRB=P −→ PPARD(2)=A was found for obesity. When a
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quick investigation of the expression values for the reference group was performed, it
was evident that PPARD was absent in 34 out of 37 samples. The high thresholds
used when generating the rules caused PPARD to be excluded from the rules for
the reference group. However, the thresholds should not be seen as absolute, and
manual analysis of the presence of the genes might reveal further information. The
fact that PPARD was present for almost every donor in the reference group, makes
the unique rule unsuitable as biomarker. However, the absence of PPARD in kidney,
both for the risk factor groups and the reference group, is puzzling. According to
Braissant et al. (1996), PPARD is abundantly and ubiquitously expressed in rat.
However, levels of PPARD expression might differ between rat and human tissue.
Peters et al. (2000) showed that PPARD null mice had reduced adipose tissue stores,
but since PPARD in this study was absent in both obese and non-obese individuals
(i.e. donors with dyslipidemia), the results does not correlate with the literature.
However, gene expression in mice does not necessarily correspond directly with gene
expression in humans. Further literature research has to be conducted in order to
explain PPARD’s absence in the human dataset used in this project. However, this
could not be performed due to the limited timeframe of this project.

More genes are represented in the rules for dyslipidemia than for the other risk
factors. A possible explanation is that there are only 8 samples for dyslipidemia, a
number which does not leave much room for variation. Another group which has
a small number of samples, is the MSDR group. Only 7 samples exist for that
group, but fewer associations where found than for the dyslipidemia group. This
points at the possibility that the rules for dyslipidemia still might be interesting.
The characteristic rule say that if RXRB=P then PPARD(2)=A and PPARG=A.
If PPARD had been present this rule could have been linked to other results, e.g.
Jow & Mukherjee (1995) and Shi et al. (2002), which show that PPARD represses
the activity of the other PPARs, but since PPARD is absent this link does not hold.
The same reasoning performed for PPARD in the obesity group also applies here,
i.e. that the high thresholds used when generating the rules caused PPARD to be
excluded from the rules for the reference group, even though it was absent in 34 out of
37 samples. When the same investigation was performed for PPARG, it was evident
that the gene was absent in 27 out of 37 samples in the reference group, but absent
for every sample in the dyslipidemia group (8/8). This figure shows that PPARG
varied much more in the reference group than in the dyslipidemia group. PPARG’s
involvement in the rule for dyslipidemia can therefore not be dismissed by the same
arguments as for PPARD. Since performing further literature research to investigate
the absence of PPARD and PPARG could not be done due to the limited timeframe
of this project, the rule RXRB=P −→ PPARD(2)=A and PPARG=A is presumed
to be a candidate rule for dyslipidemia in humans. The rule will be further discussed
in the summary section.
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Overlapping rules between the risk factors

The overlapping unique rule RXRA=P −→ RXRB=P was found for diabetes type
2 and hypertension. This rule was also found for the MSDR group. However, the
rule was not considered to be significant, since Codner et al. (2001) concluded that
the isoforms of RXR (alpha, beta, gamma) probably act as constitutive proteins, i.e.
they are transcribed at a constant rate, regardless of physiological demand or the
concentration of a substrate. This statement was supported by the rules found for
the different pathways, i.e. RXRA=P and RXRB=P were involved in almost every
rule for every pathway. Therefore, the rule RXRB=P −→ RXRA=P is probably not
reliable as a biomarker for MSDR.

6.2 Pathway “Role of PPAR-gamma Coactivators

in Obesity and Thermogenesis”

This pathway shows interactions between NRs and some of their COs that are involved
in obesity and thermogenesis. LPL is present in the pathway because it regulates the
plasma levels of triglyceride and HDL, and may have specialised function in kidneys
and other tissues (Merkel et al. 2002).

Two different NR co-activator complexes can be present in the pathway according
to the information interpreted from figure 5.5. The following rules should therefore
be valid:

• NCOA2=P PBP=P PPARG=P RXRA=P (or RXRB=P) −→ LPL=P

• LPL=P −→ PPARG=P RXRA=P (or RXRB=P) PPARGC1=P CREBBP=P
SRC=P P300=P

A notable fact is that neither PPARG, PPARGC1 or P300 appeared in any of the
rules generated. The explanation is that these three genes varied too much to qualify
in the rules according to the thresholds set.

For the groups diabetes type 2 and hypertension, the only difference between the
unique rules and the rules common with the reference group is that RXRA is not
present in the common rules. However, when a quick investigation of the expression
values for the reference group was performed, it was evident that RXRA was present
in 35 out of 37 samples. The high thresholds used when generating the rules caused
RXRA to be excluded from the rules for the reference group. However, the thresholds
should not be seen as absolute, and manual analysis of the presence of the genes might
reveal further information. The fact that RXRA was present for almost every donor
in the reference group, together with the conclusion in section 6.1, i.e. that RXRs
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probably act as constitutive proteins, makes the unique rules for diabetes type 2 and
hypertension unsuitable as biomarkers.

More genes are involved in the rules for dyslipidemia than for the other risk factors.
The same explanation as in section 6.1 also applies here, i.e. that there are only 8
samples for dyslipidemia, a number which does not leave much room for variations.
In section 6.1, it was implied that the rules for dyslipidemia still might be interesting
since more genes were involved in those rules than in the rules for the MSDR group,
even though the MSDR group only contained 7 donors. However, for this pathway,
the fact that the same genes, except from RXRA, are involved both in the rules for
dyslipidemia and the rules for MSDR, makes these rules less interesting in determining
dyslipidemia. The genes involved in the unique rules for dyslipidemia are the same
as are involved in the rules common with the reference group. The difference is that
some of the genes are on different sides of the implication arrow. It is however difficult
to draw any conclusions from these findings, since association rules do not describe
cause and effect, they describe associations. The rules could therefore not qualify as
biomarkers.

For obesity, the differences between the unique rules and the rules common with
the reference group, are that LPL occurs in the unique rules, and that some of the
genes are on different sides of the implication arrow. However, the arguments pre-
sented earlier in this section, i.e. that a quick investigation of the expression values
for the reference group showed that the gene (in this case LPL) was present in many
samples (32/37), that the thresholds should not be seen as absolute, and that associ-
ation rules do not describe cause and effect, support the conclusion that the rules are
not suitable as biomarkers. The same arguments can also be applied for the unique
rules for the MSDR group.

Overlapping rules between the risk factors

When the whole amount of rules for every risk factor was investigated with respect to
each other, overlapping rules were found between diabetes type 2 and hypertension.
Overlapping rules were also found between MSDR and diabetes type 2, MSDR and
hypertension, and MSDR and obesity. However, since the characteristic rules already
have been investigated and rejected, the rules were not considered needing further
investigation.

63



Chapter 6. Rule analysis

6.3 Pathway “Visceral fat deposits and the meta-

bolic syndrome”

The following rules should be valid according to the pathway information interpreted
from figure 5.6:

• RXRA=P (or RXRB=P) PPARG=P −→ HSD11B1=A

• HSD11B1=P NR3C1=P −→ LPL=P TNF=P FIZZ3=A AMP1=A

A notable fact is that neither HSD11B1 or AMP1 appeared in any of the rules gen-
erated. The explanation is that they vary too much to qualify in the rules according
to the thresholds set.

For the diabetes type 2 and hypertension groups, the only difference is that RXRA
is not involved in the rules common with the reference group. However, the arguments
presented in the former section, 6.2, i.e. that, a quick investigation of the expression
values for the reference group showed that the gene (in this case RXRA) was present
in many samples (35/37), that the thresholds should not be seen as absolute, and
that association rules do not describe cause and effect, support the conclusion that
the rules are not suitable as biomarkers.

More genes are involved in the rules for dyslipidemia than for the other risk
factors. The same explanation as in section 6.1 also applies here, i.e. that there
are only 8 samples for dyslipidemia, a number which does not leave much room for
variations. The characteristic unique rule for dyslipidemia says that if NR3C1=A
and PPARG=A and RXRB=P then FIZZ3=A and TNF=A. The characteristic rule
common to the reference group states that if RXRB=P and TNF=A then FIZZ3=A.
The difference between the rules is that NR3C1=A and PPARG=A appears in the
unique rule, and that TNF has moved to the other side of the implication arrow. It
is however hard to draw any conclusions from these findings, since the dyslipidemia
group has a much smaller number of donors than the reference group. The rule is
nevertheless added to the collection of candidate rules, and will be discussed in the
summary section.

For obesity, the difference between the characteristic unique rule and the rule
common with the reference group is that LPL=P appears in the unique rule. However,
the arguments presented earlier in this section, i.e. that a quick investigation of the
expression values for the reference group showed that the gene (in this case LPL)
was present in many samples (32/37) and that the thresholds should not be seen
as absolute, support the conclusion that the rule is not suitable as a biomarker for
obesity. The same arguments can also be applied for the unique rules for the MSDR
group.
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Overlapping rules between the risk factors

When the whole amount of rules for every risk factor was investigated with respect to
each other, overlapping rules were found between diabetes type 2 and hypertension,
and between diabetes type 2 and dyslipidemia. These rules were also found for the
MSDR group. However, since the characteristic rules for diabetes type 2 and hyper-
tension already have been investigated and rejected, the rules were not considered
needing further investigation. Since the characteristic rule for dyslipidemia has not
yet been rejected, the overlap between diabetes type 2 and dyslipidemia might be
interesting. These findings will be further analysed in the summary section.

6.4 Summary

When the characteristic rules for every risk factor, and for MSDR, were investigated,
it became evident that most of the rules could be rejected. Even though no rules com-
mon with the reference group were found for the pathway “Basic mechanism of action
of PPARa, PPARb(d) and PPARg and effects on gene expression”, the genes involved
in the rules proved not to be interesting as biomarkers. An exception is the charac-
teristic rule for dyslipidemia. For the pathway “Role of PPAR-gamma Coactivators
in Obesity and Thermogenesis”, the unique rules were found not to vary significantly
enough from the rules common with the reference group to qualify as biomarkers. For
the pathway “Visceral fat deposits and the metabolic syndrome”, almost all unique
rules were rejected because they did not vary significantly enough from the rules com-
mon with the reference group to qualify as biomarkers. An exception was the rule for
dyslipidemia.

The candidate rules found for dyslipidemia were:

• RXRB=P −→ PPARD(2)=A and PPARG=A

• NR3C1=A and PPARG=A and RXRB=P −→ FIZZ3=A and TNF=A

What makes them interesting is that PPARG and NR3C1 appears in the rules.
The two genes do not appear in the rules for any other risk factor, or for the MSDR
group. A closer investigation the gene expression was performed in order to analyse
the importance of the rules. Tables 6.25 and 6.26 show the percentage of absent
calls for the genes in the different pathways. Even though it is evident that the
genes did not vary for dyslipidemia, it is difficult to estimate the importance of the
rules, since it is uncertain if the gene variance for the other groups is normal. Also,
the dyslipidemia group has a much smaller number of donors, making a comparison
between the different groups difficult. If it had been evident that the expression
of the genes was opposite for dyslipidemia and the other risk factors, or MSDR,
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and the dyslipidemia group had had a larger number of donors, a decision about
the importance of the rules had been effortless. Since this was not the case, it was
decided that the difference in variation was not large enough to withhold the rules as
candidate rules.

Risk factor Gene Percentage absent
Obesity PPARG 53%
Hypertension PPARG 65%
Diabetes type 2 PPARG 75%
Dyslipidemia PPARG 100%
MSDR PPARG 71%
None PPARG 73%

Table 6.25: Variation of PPARG in the different groups. The variation is the same
for both pathways, since the same donors were used.

Risk factor Gene Percentage absent
Obesity NR3C1 59%
Hypertension NR3C1 61%
Diabetes type 2 NR3C1 65%
Dyslipidemia NR3C1 100%
MSDR NR3C1 86%
None NR3C1 67%

Table 6.26: Variation of NR3C1 in the different groups for the pathway “Visceral fat
deposits and the metabolic syndrome”
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Discussion

The aim of this project was to investigate if interactions between genes in NR path-
ways can function as biomarkers for MSDR.

The ideal scenario describing an interaction between genes in a pathway that can
be used as a biomarker, looks like the example in chapter 3:

non-MSDR patient: (Ligand ∧ NR ∧ CO) −→ gene repression

MSDR patient: (Ligand ∧ NR ∧ ¬CO) −→ gene transcription

This scenario does unfortunately not exist for the data set used, a statement that
is verified by the rules generated. The rules for the different risk factors show some
interactions more prone to be present for that risk factor than for the reference group,
but the they were decided too weak to be used as biomarkers.

It can therefore be concluded that the hypothesis patients with MSDR have distinct
changes in the interactions between genes in NR pathways, which can function as
biomarkers for the syndrome is falsified, given the current data set. However, since a
number of factors, e.g the quality of the data, the choice of tissue, and the unwanted
effects of the algorithm, have influenced the results, it can not be concluded that gene
interactions in NR pathways are unsuitable as biomarkers. Also, a limited number of
pathways were investigated. Other criteria for pathway selection might reveal other
interesting pathways. The factors that might have influenced the results are presented
in the rest of this chapter.

The results are based on a single tissue, i.e. kidney. To determine if specific
interactions exist for patients with MSDR, all human tissues should be investigated,
or at least the most probable ones, i.e. adipose, liver, skeletal muscle, pancreas, small
intestine, and kidney.

Another aspect is that the sample data from one donor is from a specific moment
in time, and therefore does not say anything about how the expression of the genes
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might vary over time. This might result in misinterpretations of the actual expression
of the gene.

The use of abscall values might also influence the results. By using more steps on
the abscall scale, a more realistic picture of the expression of the genes might emerge.

Also, the fact that the donors in the reference group might have other diseases,
e.g. cancer, adds to the noise in the data and rise the question about normality. To
be able to compare risk factors with a normal reference group, it must be established
what normal means. In this thesis, normal is defined as not having any of the risk
factors for MSDR, not be addicted to alcohol, not having extreme values and not
eating diabetic food. The ideal conditions on which to investigate the hypothesis in
this project would be to perform a complete human case study of MSDR, i.e. gather
expression data for donors having the different risk factors, donors diagnosed with
MSDR and donors that do not have any obvious diseases. Since such a case study
would be very expensive and time consuming, a database containing all the data
needed would facilitate the research.

In this thesis, the BioExpress database have been used to gather clinical and gene
expression data. However, we question if it is feasible to continue using BioExpress
for similar purposes as in this thesis, i.e. metabolic disease research. A lot of data
for parameters necessary in metabolic research are missing, and the database is also
highly biased towards cancer tissue samples. The abundance of missing values for
metabolic parameters such as HDL and triglycerides makes it hard to extract donors
with metabolic diseases from the database. It also affects the confidence in the data.
The impact of cancer on the studied pathways can not be overlooked, since cancer
affects many cell processes. The identified error sources are further described in
section 7.1, 7.2, 7.3, and 7.4.

When the result of this study is compared to the work by Halinen & Norseng
(2002), it can be concluded that the results differ. No GPCR was involved in the
pathways used in this project, and therefore the gene found by Halinen & Norseng
(2002) to differ between lung samples from MSDR and non-MSDR patients, was
not found by the method used in this project. Their results indicated that GPCRs
are expressed in tissues at a constant rate. The same pattern could be found for
some of the NRs in this project, but not for all. RXRA and RXRB were constantly
expressed, both for MSDR and non-MSDR patients, but the expression of the other
NRs varied for MSDR and non-MSDR patients. However, no pattern distinguishing
MSDR patients for non-MSDR patients could be found.

The result by Olsson (2002), linking MSDR to a locus on chromosome 18p11, did
not correspond to results in this thesis. None of the genes in the pathways were found
on chromosome 18p11.
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7.1 Gene data-related problems

Since the NR database at AstraZeneca is under construction, the number of NRs and
COs in the database is not complete, and more NRs and COs with corresponding
probe sets could probably have been found by conducting a literature search. Even if
the Knowledge Bank was created recently by Halinen & Norseng (2002), more genes
could probably have been found by further literature search since the research in the
area is very active. However, performing these literature searches was considered to
be too time consuming, and almost a project in itself.

Another aspect on the gene data is that errors might exist due to human factors,
such as misspellings and so forth. Names on the same genes in the NR database and
the Knowledge Bank might also differ, since there exist a number of standards for
nomenclature. Both databases claim to use HUGO names, but even so, the names of
two genes, see tables 5.4 and 5.5, differed between the databases. This is probably
due to updates of the official HUGO gene names.

There exist no accepted method for selecting a single best probe set from a number
of supplied ones. The lack of a established procedure allows for the possibility that
the method used in this thesis might have resulted in sub-optimal probe sets. Some
of the probe sets used ended with “ s at”. These probe sets may have hybridized
with homologous genes, with the result that the wrong genes may be involved in the
rules.

No missing data existed in the gene expression data used. Instead, a measure
called “marginal” used by Affymetrix indicates that the value of expression is unclear.
The three different values for gene expression, i.e. absent, present, and marginal, was
treated in this thesis as three different classes of values. An effect of this procedure
is that with the high thresholds set for the association rules, a gene that for example
is present in all donor samples except one, where it is marginal, will not be included
in the rules if the number of donor samples is small. Two solutions to this problem
exists: (1) The thresholds used could be lowered, with the negative effect that the
rules generated would not have as high support in the data set as if the thresholds
are set high. However, an argument for this solution is that an amount of variation in
the mRNA expression levels might be expected anyway, both because biological data
can vary naturally, and because the techniques for measuring the expression levels
themselves have a number of problems (see separate section). (2) An imputation
method could have been used for the marginal values, to determine if they should
be classified as absent or present. An argument for using an imputation method is
that the interpretation of the rules would be more straightforward, since the value
“marginal” is an unclear expression. The use of an imputation method would have
to be followed by a discussion about how probable the imputed value is. Methods
for deciding the probability of an imputed value exists, see for example Kotz et al.
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(1983).

7.2 Donor data-related problems

No diagnostic test existed in BioExpress for the risk factors insulin resistance and
microalbuminuria. The contribution of these risk factors to MSDR could therefore
not be investigated. The fact that they could not be included when the donor samples
were selected, also narrowed the possible combinations of risk factors that could be
made when the whole syndrome was investigated. It also affected the approach taken,
i.e. to first investigate single risk factors contribution to MSDR and then the whole
syndrome, since it could not be determined that the groups containing single risk
factors did not include individuals with insulin resistance or microalbuminuria.

For glucose, no exact match against the criteria set by WHO or ATPIII could
be made, since no information existed in the database if random or fasting glucose
was tested. The use of quality assessment HIGH might therefore have resulted in
inclusion of donors not matching the WHO or ATPIII criteria.

The imputation technique used for missing values for HDL, triglycerides, diastolic
and systolic blood pressure, i.e. assuming that missing values means “normal”, re-
sulted in more samples in the negative groups for these risk factors. If the technique
had not been used, the reference group would not have enough samples. However, a
problem caused by this procedure is that all donors in the reference group, have miss-
ing values for HDL and triglycerides, and many have missing values for diastolic and
systolic blood pressure. This means that the reference group could contain donors
with dyslipidemia and hypertension, which have to be taken into consideration when
validating the results.

Another problem with the reference group is that they should not be considered
healthy. For example, many of the patients in BioExpress have cancer, and all donors
except one in the reference group have benign or malign tumors in the kidney. The
same problem applies for the risk factor groups. This fact rise the question if the
generated rules applies for cancer patients rather than MSDR patients.

Some lifestyle factors were considered in this project, but another factor that might
influence the results is medication. This factor also affects the risk factor groups. For
example, if a donor with diabetes type 2 take medication, e.g. thiazolidinediones, this
could affect the expression of genes such as PPARγ. Medication was not considered
in this project due to the limited time available.

Another donor aspect is the gender distribution over the different groups. Males
were overrepresented in all groups except in the hypertension group. This might have
influenced the results when comparisons were made between risk factor groups, but
the limited timeframe available for this project did not allow for further investigations.
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7.3 Microarray-related problems

Microarray technology is still under development and a number of factors still in-
fluences the results from the array. Schuchhardt et al. (2000) listed major sources
for fluctuations for cDNA microarrays. Since cDNA and oligonucleotide arrays share
the same principles, some of the error sources should be the same for oligonucleotide
arrays. The following factors should apply to both cDNA and oligonucleotide arrays:

• Random fluctuations in the geometry of the pin that transports the molecules
to the slide

• Random fluctuations in the volume of the transported molecules to the slide

• Uncertainties about the amount of molecules that are fixated on the slide

• Probes might be distributed unequally over the slide

• The hybridization process might perform differently over the slide

• Non-specific hybridization might occur

• Non-specific background shining and radiation from neighboring spots can not
be excluded

• Effects resulting from image processing might influence the results

7.4 Algorithm-related problems

The algorithm was chosen because it shows hypothetical interactions that might be
interpreted as real interactions between genes in a pathway. However, an observed
problem with the algorithm is that it is developed with the purpose of handling very
large amounts of data, in which some associations might exist. The measures used,
i.e. support and confidence, highly favors strong associations between non-variable at-
tributes that occurs for a high proportion of the transactions in the database. When
the algorithm is applied to smaller data sets, like the ones used in this project, it
is visible that non-variable attributes take over, and thousands of strong rules are
generated for these attributes since the algorithm seeks practically every possible
combination of these attributes. A solution to this problem would be to simply not
include the genes that are non-variable. However, by doing this, important infor-
mation about genes in the data set might be lost. A better solution is to improve
the technique by providing it with a function that can scan the data beforehand and
determine if it is highly variable or not. Another problem with the algorithm is that
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it is not developed for comparisons between data sets. Suggestions on solutions to
these problems are provided in the “Future work” section.
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Conclusions

The aim of this project was to investigate the hypothesis that patients with MSDR
have distinct changes in the interactions between genes in NR pathways, which can
function as biomarkers for MSDR. In the first part of chapter 7, the hypothesis is
falsified given the current data set. However, since a number of factors, e.g the quality
of the data, the choice of tissue, and effects from the algorithm, have influenced the
results, it can not be concluded that gene interactions in NR pathways are unsuitable
as biomarkers.

The problems with BioExpress discussed in the previous section, e.g. missing
values for metabolic parameters and bias towards cancer samples, implies that the
database is more useful in cancer research, and that it is questionable if it should be
used to gather data needed for similar purposes as this thesis.

It can also be concluded that the APRIORI algorithm successfully found associa-
tions between NRs and COs. Association rules are therefore useful when mining gene
expression data in search for relations between genes.

8.1 Future work

In this section, some suggestions for future work are made. The most important sug-
gestion is that more research has to be conducted in order to determine if interactions
between genes in NR pathways can be used as biomarkers for MSDR. More work also
have to be performed in order to get reliable data sets to base the analysis on.

8.1.1 Algorithm improvements

The algorithm used in this project proved to be too general to fit the problem pre-
sented in this thesis. A number of improvements could be carried out to adapt it
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for similar problems, e.g. a small number of rules can be generated for the non-
variable attributes, and presented to the user. The user could then determine if more
rules are necessary to describe the interactions between the non-variable attributes.
If this is not the case, the algorithm can stop looking for associations between the
non-variable attributes and instead look for associations between non-variable and
variable attributes, and between variable attributes.

A valuable function when a comparison is to be made between two (or more) data
sets, would be to calculate how unique a single rule is when it is compared to rules
in another data set. This could for example be done by performing a χ2-test between
the desired rules in the different data sets.

8.1.2 Imputation of “marginal” values

An imputation technique could be used to impute the “marginal” values in the gene
expression data. For example, a model-based method could be used, where a model
is designed for the incomplete data, and parameters are estimated by techniques such
as maximum likelihood.

8.1.3 Other pathways

The same method used in this thesis could be applied to other pathways, involving
for example GPCRs.
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NRs and their probe sets

THRA 35846_at

THRA 204100_at

THRB 207044_at

RARA 211605_s_at

RARA 216300_x_at

RARA 203750_s_at

RARA 203749_s_at

RARB 205080_at

RARB 208530_s_at

RARB 208412_s_at

RARG 204189_at

RARG 204188_s_at

PPARA 206870_at

PPARD 208044_s_at

PPARD 37152_at

PPARG 208510_s_at

NR1D1 31637_s_at

NR1D1 204760_s_at

RORA 210479_s_at

RORA 210426_x_at

RORB 206443_at

RORC 206419_at

NR1H2 218215_s_at

NR1H3 203920_at

NR1H4 206340_at

VDR 204253_s_at

VDR 213692_s_at

VDR 204255_s_at

VDR 204254_s_at

NR1I2 207202_s_at

NR1I2 207203_s_at

NR1I3 207007_at

HNF4A 214851_at

HNF4A 216889_s_at

HNF4A 208429_x_at

HNF4A 230914_at

HNF4A 214832_at

HNF4G 207456_at

RXRA 202426_s_at

RXRA 202449_s_at

RXRB 215099_s_at

RXRB 209148_at

RXRG 205954_at

NR2C1 204791_at

NR2C2 206038_s_at

NR2E1 207443_at

NR2E3 208388_at

NR2E3 208385_at

NR2F1 209506_s_at

NR2F2 209121_x_at

NR2F2 209119_x_at

NR2F6 209262_s_at

NR2F6 213354_s_at

NR2F6 209261_s_at

ESR1 211234_x_at

ESR1 211233_x_at

ESR1 205225_at

ESR1 211235_s_at

ESR1 215552_s_at

ESR1 215551_at

ESR2 211120_x_at

ESR2 211117_x_at

ESR2 210780_at

ESR2 211118_x_at

ESRRA 1487_at

ESRRA 203193_at

ESRRB 223858_at

ESRRG 207981_s_at

ESRRG 209966_x_at

NR3C1 201866_s_at

NR3C1 211671_s_at

NR3C1 201865_x_at

NR3C2 205259_at

PGR 208305_at

AR 205239_at

AR 211110_s_at

NR4A1 202340_x_at

NR4A2 204622_x_at

NR4A2 216248_s_at

NR4A2 204621_s_at

NR4A3 207978_s_at

NR5A1 210333_at

NR5A2 208343_s_at

NR5A2 208337_s_at

NR6A1 210392_x_at

NR6A1 210391_at

NR6A1 211402_x_at

NR6A1 207742_s_at

NR0B1 206645_s_at

NR0B1 206644_at

NR0B2 206410_at

80



Appendix B

COs and their probe sets

TRIP13 204033_at

RNF14 201824_at

RNF14 201823_s_at

ERF 203643_at

ATF7 232732_at

ATF7 206684_s_at

ATF7 228830_s_at

MYCBP 203359_s_at

MYCBP 203360_s_at

MYCBP 203361_s_at

RCOR 212612_at

RCOR 237041_x_at

ITGB3BP 205176_s_at

ELF2 203822_s_at

ELF2 210361_s_at

ZNF274 204937_s_at

SP140 207777_s_at

CREB1 204314_s_at

CREB1 214513_s_at

CREB1 204312_x_at

CREB1 204313_s_at

TFEC 206715_at

NCOR2 208888_s_at

NCOR2 215205_x_at

NCOR2 207760_s_at

NCOR2 208889_s_at

NCOR2 211388_s_at

BCL6 215990_s_at

BCL6 203140_at

NCOA6 208979_at

ESR2 211120_x_at

ESR2 211117_x_at

ESR2 210780_at

ESR2 211118_x_at

MEF2A 208328_s_at

CBFA2T1 205529_s_at

CBFA2T1 216831_s_at

CBFA2T1 205528_s_at

LDB2 206481_s_at

NFYC 211251_x_at

NFYC 211797_s_at

NFYC 202215_s_at

NFYC 202216_x_at

PRKACA 216234_s_at

PRKACA 202801_at

REST 204535_s_at

MN1 205330_at

SF1 208313_s_at

TFAP2A 204654_s_at

MHC2TA 205101_at

MHC2TA 211884_s_at

NAB1 211139_s_at

NAB1 209272_at

NAB1 208047_s_at

ATF6 203952_at

TRIM32 203846_at

DEDD 202480_s_at

DEDD 215158_s_at

DEDD 211255_x_at

FOXF1 205935_at

FMR2 216364_s_at

FMR2 206105_at

FMR2 210957_s_at

SKIL 232379_at

SKIL 206675_s_at

TFDP2 203589_s_at

TFDP2 203588_s_at

MADH3 205397_x_at

MADH3 205398_s_at

ADPRT 208644_at

AES 217729_s_at

AR 205239_at

AR 211110_s_at

ARNT 218222_x_at

ARNT 210828_s_at

ARNT 231016_s_at

ARNT 218221_at

ATF3 202672_s_at

ATF4 200779_at

BAG1 211475_s_at

BAG1 202387_at

BCL3 204908_s_at

BCL3 204907_s_at

BRCA1 211851_x_at

BRCA1 204531_s_at

BRCA2 208368_s_at

BRDT 206787_at

BTG1 200921_s_at

BTG1 200920_s_at

CALR 214315_x_at

CALR 212952_at

CALR 212953_x_at

CALR 200935_at

CALR 214316_x_at

CBFB 206788_s_at

CBFB 202370_s_at

CKN1 205162_at

ATF2 205446_s_at

CREBBP 211808_s_at

CREBBP 216362_at

CREBBP 202160_at

CRKL 206184_at

CRY1 209674_at

CRY2 212695_at

CTBP1 213980_s_at

CTBP1 212863_x_at

CTBP1 203392_s_at

CTBP1 213979_s_at

CTNNB1 201533_at

DAXX 201763_s_at

DDIT3 209383_at

DR1 209188_x_at

DR1 207654_x_at

DR1 216652_s_at

DR1 230073_at

DR1 209187_at

SLC26A3 206143_at

DTX1 227336_at

E2F1 2028_s_at

E2F1 204947_at
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E2F6 203957_at

E4F1 218524_at

EGR1 201694_s_at

EGR1 227404_s_at

EGR1 201693_s_at

EGR2 205249_at

ELF3 210827_s_at

ELF3 201510_at

ELF3 208270_s_at

ELF4 31845_at

ELF4 203490_at

ELK3 206127_at

ELK4 205994_at

ELK4 206919_at

ENO1 201231_s_at

ENO1 216554_s_at

ENO1 217294_s_at

EP300 213579_s_at

EPAS1 200879_s_at

EPAS1 200878_at

NR2F6 209262_s_at

NR2F6 213354_s_at

NR2F6 209261_s_at

ESR1 211234_x_at

ESR1 211233_x_at

ESR1 205225_at

ESR1 211235_s_at

ESR1 215552_s_at

ESR1 215551_at

EWSR1 210011_s_at

EWSR1 209214_s_at

EWSR1 210012_s_at

EYA1 214608_s_at

EYA2 209692_at

FHL2 202949_s_at

FOXF2 206377_at

FOXO1A 202723_s_at

FOXO1A 228484_s_at

FOXO1A 202724_s_at

FOS 209189_at

NR5A1 210333_at

FUS 217370_x_at

FUS 200959_at

GABPA 210188_at

GABPB1 206173_x_at

GABPB1 204618_s_at

GABPB2 206173_x_at

GABPB2 204618_s_at

GCN5L2 202182_at

OPTN 202074_s_at

GLI2 207034_s_at

GLI2 208057_s_at

GLI4 243076_x_at

GLI4 238364_x_at

GLI4 227023_at

GPS2 209350_s_at

GPS2 226703_at

NR3C1 201866_s_at

NR3C1 211671_s_at

NR3C1 201865_x_at

GTF2B 208066_s_at

GTF2F1 202355_s_at

GTF2F1 202354_s_at

GTF2F1 202356_s_at

HCFC1 202473_x_at

HCFC1 231177_at

HCFC1 202474_s_at

HD 202390_s_at

HD 202389_s_at

HDAC1 201209_at

HMGB1 200679_x_at

HMGB1 200680_x_at

HMGCS2 204607_at

HNF4A 214851_at

HNF4A 216889_s_at

HNF4A 208429_x_at

HNF4A 230914_at

HNF4A 214832_at

HOXC6 206858_s_at

TGIF 203313_s_at

HRMT1L2 206445_s_at

HSBP1 200942_s_at

HSF2 209657_s_at

HSF2 211220_s_at

HSPA8 210338_s_at

HSPA8 208687_x_at

HSPA8 221891_x_at

HSPA8 224187_x_at

ID1 208937_s_at

ID3 207826_s_at

ID4 209293_x_at

ID4 209291_at

ID4 226933_s_at

IFI35 209417_s_at

ING1 209808_x_at

ING1 210350_x_at

IRF1 202531_at

IRF2 203275_at

IRF3 202621_at

JUNB 201473_at

JUP 201015_s_at

LMO1 206718_at

MAD 206877_at

MADH2 203076_s_at

MADH2 203077_s_at

MADH2 203075_at

MADH4 202527_s_at

MADH4 202526_at

MAZ 207824_s_at

MAZ 229807_s_at

MBD1 208595_s_at

MBD1 203353_s_at

MBD1 226862_at

MCM5 216237_s_at

MCM5 201755_at

MECP2 202616_s_at

MECP2 202617_s_at

MECP2 202618_s_at

MEF2B 205124_at

MEF2C 207968_s_at

MEF2C 209199_s_at

MEF2D 203004_s_at

MEF2D 203003_at

MEIS2 207480_s_at

MEIS2 216526_x_at

MEIS2 208729_x_at

MEIS2 209140_x_at

MEN1 202645_s_at

MNT 204206_at

CITED1 207144_s_at

MTF1 205323_s_at

MTF1 205322_s_at

MXI1 202364_at

GADD45B 209305_s_at

GADD45B 207574_s_at

GADD45B 213560_at

GADD45B 209304_x_at

MYOD1 206657_s_at

NAB2 216017_s_at

NAB2 212803_at

NFATC3 207416_s_at

NFATC3 210555_s_at

NFATC3 225137_at

NFATC4 205897_at

NFE2 209930_s_at

NFE2L1 200759_x_at

NFE2L1 214179_s_at

NFE2L1 200758_s_at

NFIL3 203574_at

NFKB2 209636_at

NFKB2 207535_s_at

NFKBIB 214062_x_at

NFKBIB 214448_x_at

NFKBIB 228388_at

NFYA 204109_s_at

NFYA 215720_s_at

NOTCH1 218902_at

NOTCH2 202445_s_at

NOTCH2 210756_s_at

NOTCH2 212377_s_at

NOTCH2 202443_x_at

NOTCH2 227067_x_at

NR4A2 204622_x_at

NR4A2 216248_s_at

NR4A2 204621_s_at

PAWR 214090_at

PAWR 204005_s_at

PAWR 214237_x_at

PCBD 203557_s_at

PFDN5 210908_s_at

PFDN5 207132_x_at

PLRG1 225194_at

PML 206503_x_at

PML 210362_x_at

PML 211013_x_at

PML 211588_s_at

PML 211014_s_at

PML 211012_s_at

PMX1 205991_s_at

POU2AF1 205267_at

PPARG 208510_s_at

PPARBP 203497_at

PPARBP 203496_s_at
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PSMC3 201267_s_at

PSMC5 209503_s_at

PTMA 200772_x_at

PTMA 211921_x_at

PTMA 200773_x_at

PURA 204021_s_at

PURA 213806_at

RAN 200750_s_at

RAN 200749_at

RARA 211605_s_at

RARA 216300_x_at

RARA 203750_s_at

RARA 203749_s_at

RB1 203132_at

RB1 211540_s_at

RDBP 209219_at

RELA 209878_s_at

RELA 230202_at

RELA 201783_s_at

RFX1 206321_at

RFX1 226786_at

RFX5 202963_at

RFX5 202964_s_at

RFXAP 208492_at

RFXAP 229431_at

RING1 208371_s_at

RING1 35685_at

RNF4 212696_s_at

RXRA 202426_s_at

RXRA 202449_s_at

RXRB 215099_s_at

RXRB 209148_at

SFPQ 226898_s_at

SFPQ 201586_s_at

SFPQ 201585_s_at

SIAH2 209339_at

SKI 213755_s_at

SMARCA2 206544_x_at

SMARCA2 212257_s_at

SMARCA2 206542_s_at

SMARCA2 228926_s_at

SMARCA2 212258_s_at

SMARCA4 213720_s_at

SMARCA4 212520_s_at

SMARCA4 208794_s_at

SMARCA4 215714_s_at

SMARCA4 208793_x_at

SMARCA4 213719_s_at

SMARCA4 214728_x_at

SMARCB1 206532_at

SMARCB1 212167_s_at

SMARCC1 201074_at

SMARCC1 201072_s_at

SMARCC1 201073_s_at

SMARCC1 201075_s_at

SMARCC2 201321_s_at

SMARCD1 209518_at

SMARCD1 203183_s_at

SMARCD2 201827_at

SMARCD3 204099_at

SMARCD3 231144_at

SMARCE1 211989_at

SMN1 203852_s_at

SOX10 209842_at

SOX10 209843_s_at

SP3 227537_s_at

SP3 213168_at

SP3 229217_at

SP4 206663_at

SP100 202864_s_at

SP100 210985_s_at

SP100 210218_s_at

SSX1 206627_s_at

SSX1 206626_x_at

SUV39H1 218619_s_at

SVIL 202566_s_at

SVIL 202565_s_at

TADA2L 209938_at

TADA2L 210537_s_at

TAF1 216711_s_at

TAF4 208545_x_at

TAF4 213090_s_at

TAF4B 216226_at

TAF6 203572_s_at

TAF7 201023_at

TAF9 202168_at

TAF9 203893_at

TAF11 209358_at

TBL1X 201867_s_at

TBL1X 213401_s_at

TBL1X 201868_s_at

TBL1X 201869_s_at

TBL1X 213400_s_at

TBL1X 222634_s_at

TBP 203135_at

TCF4 222146_s_at

TCF4 203753_at

TCF2 205313_at

TCF2 208135_at

TCF7L2 212759_s_at

TCF7L2 212762_s_at

TCF8 212758_s_at

TCF8 208078_s_at

TCF15 207306_at

TCFL4 213951_s_at

TCFL4 217910_x_at

TCFL4 231401_s_at

TCFL4 213708_s_at

TCFL4 217909_s_at

TCFL4 210752_s_at

TFAP4 205688_at

NR2F1 209506_s_at

NR2F2 209121_x_at

NR2F2 209119_x_at

TFDP1 204147_s_at

TFDP1 212330_at

TGFB1I1 209651_at

THRA 35846_at

THRA 204100_at

THRB 207044_at

TLE1 203220_s_at

TLE1 227130_s_at

TLE1 203222_s_at

TLE1 203221_at

TLE2 204431_at

TLE2 40837_at

TP53 211300_s_at

TP53 201746_at

NR2C2 206038_s_at

TRAF2 204413_at

TRIP6 209129_at

TSG101 201758_at

HIRA 217427_s_at

UBP1 218082_s_at

NT5C 219214_s_at

USF1 231768_at

WHSC2 203112_s_at

WHSC2 34225_at

WNT6 221608_at

WNT6 221609_s_at

WNT6 222086_s_at

YY1 201901_s_at

YY1 200047_s_at

YY1 213494_s_at

YWHAH 201020_at

ZFX 207247_s_at

ZFX 207920_x_at

ZIC2 223642_at

ZNF85 206572_x_at

ZNF136 206240_s_at

ZNF145 205883_at

ZNF161 202173_s_at

ZNF214 243457_s_at

ZNF214 220497_at

ZNF226 219603_s_at

ZNF226 233461_x_at

ZNF226 231717_s_at

ZNF226 224004_at

ZNF230 205791_x_at

DAP3 208822_s_at

BTG2 201236_s_at

BTG2 201235_s_at

PAX8 207924_x_at

PAX8 214528_s_at

PAX8 207923_x_at

PAX8 207921_x_at

PAX8 209552_at

PAX8 121_at

BRPF1 204481_at

MAFK 206750_at

LHX3 221670_s_at

NCOA4 210774_s_at

FOSL1 204420_at

CART1 206837_at

NCOA3 211352_s_at

NCOA3 209060_x_at

NCOA3 207700_s_at

NCOA3 209062_x_at

NRIP1 202599_s_at

NRIP1 202600_s_at

SMARCF1 212152_x_at

SMARCF1 210649_s_at

SMARCF1 218917_s_at
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SMARCF1 207591_s_at

TRRAP 202642_s_at

TRRAP 214908_s_at

TRRAP 220687_at

NR0B2 206410_at

UTF1 208275_x_at

TTF2 204407_at

TIEG2 218486_at

SUPT3H 206506_s_at

CBX4 206724_at

BLZF1 203840_at

BLZF1 32088_at

PIAS1 217864_s_at

RFXANK 202758_s_at

NCOA1 209107_x_at

NCOA1 210249_s_at

EIF3S2 208756_at

EDF1 209059_s_at

EDF1 209058_at

C19orf2 214173_x_at

C19orf2 211563_s_at

EED 209572_s_at

EED 210656_at

CREG 201200_at

TIF1 204391_x_at

TIF1 213301_x_at

SAP30 204899_s_at

SAP30 213963_s_at

SAP30 204900_x_at

NR1I2 207202_s_at

NR1I2 207203_s_at

LDB1 203451_at

LDB1 35160_at

FOXH1 207644_at

PMX2B 207009_at

BTAF1 209430_at

AIP 201782_s_at

AIP 201781_s_at

PSIP2 205961_s_at

PSIP2 209337_at

NMI 203964_at

CBFA2T2 209145_s_at

CBFA2T2 207625_s_at

CBFA2T2 209144_s_at

DYRK1B 217270_s_at

DYRK1B 204954_s_at

MSC 209928_s_at

CRSP2 202611_s_at

CRSP2 217120_s_at

CRSP2 202612_s_at

CRSP2 202610_s_at

TRIP11 209778_at

TRIP8 228793_at

TRIP8 224933_s_at

TRIP8 221763_at

HMGN3 209377_s_at

TRIP4 203732_at

TRIP3 212544_at

SURB7 209363_s_at

SURB7 209362_at

CRSP3 218846_at

CRSP3 223947_s_at

CRSP3 242706_s_at

CRSP6 221517_s_at

CRSP6 223115_at

CRSP7 231724_at

CRSP8 51176_at

CRSP8 221598_s_at

CRSP9 204349_at

CRSP9 204350_s_at

TBPL1 208398_s_at

NR1D1 31637_s_at

NR1D1 204760_s_at

NCOR1 200857_s_at

HDAC4 204225_at

MAML1 202360_at

ARNT2 202986_at

TNRC11 214275_at

TNRC11 211342_x_at

TNRC11 203506_s_at

TNRC11 216071_x_at

NR1I3 207007_at

NR1H4 206340_at

MED6 207079_s_at

MED6 207078_at

HDAC5 202455_at

HDAC5 229408_at

NR1H3 203920_at

PQBP1 214527_s_at

PQBP1 207769_s_at

PQBP1 207440_at

TRIM28 200990_at

OLIG2 213825_at

OLIG2 213824_at

SAP18 208742_s_at

SAP18 208741_at

SAP18 208740_at

CITED2 227287_at

CITED2 209357_at

CITED2 207980_s_at

YAP1 224894_at

YAP1 213342_at

YAP1 224895_at

DDX17 208151_x_at

DDX17 208719_s_at

DDX17 213998_s_at

HTATIP 206689_x_at

HTATIP 209192_x_at

HTATIP 214258_x_at

BATF 205965_at

HTATIP2 209448_at

HTATIP2 229102_at

HTATIP2 207180_s_at

DRAP1 203258_at

CTCF 202521_at

GMEB1 220938_s_at

PPARGC1 219195_at

TCERG1 202396_at

MAGED2 208682_s_at

MAGED2 213627_at

COPS5 201652_at

RIPK3 228139_at

PMF1 202337_at

KLF12 214276_at

KLF12 239019_at

KLF12 229881_at

KLF12 206966_s_at

KLF12 227261_at

KLF12 208467_at

KLF12 238940_at

KLF12 206965_at

ATF5 217389_s_at

ATF5 204999_s_at

ATF5 204998_s_at

ZFP95 203731_s_at

ZFP95 203730_s_at

TRIM33 210266_s_at

RYBP 201846_s_at

RYBP 201844_s_at

RYBP 201845_s_at

HEY1 218839_at

HEY1 44783_s_at

CBX5 209715_at

HDAC7A 217937_s_at

TBL2 212685_s_at

SIN3A 225135_at

ZNF337 214760_at

ZNF337 37860_at

HIPK2 224066_s_at

HIPK2 219028_at

HEYL 226828_s_at

HEYL 220662_s_at

CNOT7 225053_at

CNOT7 218250_s_at

CSEN 228269_x_at

CSEN 231774_at

ING4 218234_at

ING4 48825_at

SUFU 222749_at

SUFU 224201_s_at

ZNF302 218490_s_at

ZNF302 228393_s_at

PAK6 219461_at

TGIF2 218724_s_at

TGIF2 216262_s_at

RAI17 212124_at

RAI17 233060_at

ZNF286 220250_at

ZNF304 207753_at

ZNF317 225296_at

NCOA5 234471_s_at

NCOA5 225145_at

NCOA2 205731_s_at

NCOA2 205732_s_at

SPANXC 220922_s_at

SPANXC 220217_x_at

SPANXC 224032_x_at

NEUROD6 220045_at

NCOA6IP 238346_s_at

NCOA6IP 236371_s_at

NCOA6IP 219231_at

ZNF397 229133_s_at

ZNF397 235271_s_at
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PSIP1 210758_at

PSIP1 205961_s_at

PSIP1 209337_at

C4orf1 202614_at

PCQAP 222175_s_at

TGIF2LX 233178_at
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Appendix C

Number of samples for each tissue
and risk factor

The results are shown in five tables. Table C.27 shows the number of tissues for the
donors having diabetes type 2. Table C.28 shows the number of tissues for the donors
having dyslipidemia. Table C.29 shows the number of tissues for the donors having
hypertension. Table C.30 shows the number of tissues for the donors having obesity.
Table C.31 shows the number of tissues for the donors having none of the four risk
factors.

Tissue Number of samples
ADIPOSE TISSUE 1
ADRENAL GLAND, NOS 5
AMPULLA OF VATER 1
ARTERY, NOS 2
BLADDER, NOS 4
BONES, NOS 4
BRAIN, NOS 14
BREAST, NOS 4
BRONCHUS, NOS 2
CERVIX, NOS 2
CINGULATE GYRUS 2
COLON, NOS 45
DUODENUM, NOS 12
ENDOMETRIUM, NOS 4
ESOPHAGUS, NOS 10
FALLOPIAN TUBE, NOS 3
GALLBLADDER, NOS 9
HEART, NOS 1
INFERIOR FRONTAL GYRUS 1
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INFERIOR TEMPORAL GYRUS 1
KIDNEY, NOS 21
LACRIMAL GLAND, NOS 1
LEFT VENTRICLE, NOS 1
LIVER, NOS 17
LUNG, NOS 43
LYMPH NODE, NOS 20
MEDIASTINUM, NOS 2
MESENTERY, NOS 1
MIDDLE FRONTAL GYRUS 1
MUSCLES, NOS 5
MYOMETRIUM, NOS 8
NERVE, NOS 1
OMENTUM, NOS 6
OVARY, NOS 10
PANCREAS, NOS 18
PAROTID GLAND, NOS 4
PROSTATE, NOS 67
RECTUM, NOS 16
RHINAL SULCUS 2
RIGHT VENTRICLE, NOS 1
SALIVARY GLAND, NOS 1
SKIN, NOS 3
SMALL INTESTINE, NOS 8
SOFT TISSUES, NOS 19
SPLEEN, NOS 4
STOMACH, NOS 21
SUPERIOR FRONTAL GYRUS 2
SUPERIOR PARIETAL LOBULE 2
SUPERIOR TEMPORAL GYRUS 2
TENDON AND TENDON SHEATH, NOS 1
TESTIS, NOS 2
THYMUS, NOS 2
THYROID GLAND, NOS 2
TONGUE, NOS 1
TONSIL, NOS 1
WHITE BLOOD CELL, NOS 4
VISUAL CORTEX 2
VULVA, NOS 1

Table C.27: The number of samples for each tissue for the
diabetes type 2 group.
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Tissue Number of samples
ADIPOSE TISSUE 1
ADRENAL GLAND, NOS 2
AMYGDALOID NUCLEUS 1
AORTA, NOS 1
ATRIUM, NOS 1
BLADDER, NOS 2
BREAST, NOS 1
BRONCHUS, NOS 1
CAUDATE NUCLEUS, NOS 1
CERVIX, NOS 2
COLON, NOS 5
CORONARY ARTERY, NOS 1
CORTEX OF FRONTAL LOBE 1
CORTEX OF OCCIPITAL LOBE 1
CORTEX OF PARIETAL LOBE 1
CORTEX OF TEMPORAL LOBE 1
HIPPOCAMPUS 1
KIDNEY, NOS 8
LIVER, NOS 6
LUNG, NOS 7
LYMPH NODE, NOS 1
MEDULLA OBLONGATA, NOS 1
MYOMETRIUM, NOS 1
OMENTUM, NOS 1
OVARY, NOS 5
PANCREAS, NOS 2
PITUITARY GLAND, NOS 1
SALIVARY GLAND, NOS 1
SMALL INTESTINE, NOS 4
SPINAL CORD, NOS 1
SUBSTANTIA NIGRA 1
THALAMUS, NOS 1
THYROID GLAND, NOS 1
TONSIL, NOS 1
TRACHEA, NOS 1
URETHRA, NOS 1
UTERUS, NOS 2
VEIN, NOS 1

Table C.28: The number of samples for each tissue for the
dyslipidemia group.

88



Appendix C. Number of samples for each tissue and risk factor

Tissue Number of samples
ADIPOSE TISSUE 5
ADRENAL GLAND, NOS 8
AMPULLA OF VATER 2
AMYGDALOID NUCLEUS 2
APPENDIX, NOS 1
BLADDER, NOS 1
BREAST, NOS 24
CARDIAC MYOCYTE, NOS 1
CARTILAGE, NOS 1
CAUDATE NUCLEUS, NOS 3
CEREBELLAR HEMISPHERE, NOS 3
CERVIX, NOS 8
CINGULATE GYRUS 38
COLON, NOS 49
CORPUS CALLOSUM, NOS 1
CORTEX OF FRONTAL LOBE 2
CORTEX OF OCCIPITAL LOBE 1
CORTEX OF PARIETAL LOBE 2
CORTEX OF TEMPORAL LOBE 1
DUODENUM, NOS 18
ENDOMETRIUM, NOS 3
ENTORHINAL CORTEX 1
ESOPHAGUS, NOS 4
FALLOPIAN TUBE, NOS 6
FRONTAL POLE 20
GALLBLADDER, NOS 4
GLOBUS PALLIDUS, NOS 1
HEPATOCYTE 15
HIPPOCAMPUS 2
HYPOTHALAMUS, NOS 2
INFERIOR FRONTAL GYRUS 18
INFERIOR TEMPORAL GYRUS 19
INSULA, NOS 2
KIDNEY, NOS 31
LEFT ATRIUM, NOS 41
LEFT VENTRICLE, NOS 74
LIVER, NOS 11
LUNG, NOS 41
LYMPH NODE, NOS 4
MIDDLE FRONTAL GYRUS 21
MIDDLE TEMPORAL GYRUS 18
MOTOR CORTEX 1
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MUSCLES, NOS 10
MYOMETRIUM, NOS 20
NASAL SINUS, NOS 1
NERVE, NOS 1
NUCLEUS BASALIS OF MEYNERT 2
OMENTUM, NOS 14
ORBITAL GYRI 2
OVARY, NOS 15
PANCREAS, NOS 19
PAROTID GLAND, NOS 1
PERITONEUM, NOS 2
PRECENTRAL GYRUS 2
PROSTATE, NOS 10
PULVINAR, NOS 1
PUTAMEN 1
RAPHE OF MEDULLA OBLONGATA 2
RECTUM, NOS 8
RHINAL SULCUS 23
RIGHT ATRIUM, NOS 48
RIGHT VENTRICLE, NOS 63
SALIVARY GLAND, NOS 1
SEMINAL VESICLE, NOS 1
SEPTAL AREA OF PARATERMINAL
BODY OF RHINENCEPHALON 1
SKIN, NOS 4
SMALL INTESTINE, NOS 15
SOFT TISSUES, NOS 2
SPINAL CORD, NOS 1
SPLEEN, NOS 6
STOMACH, NOS 18
SUPERIOR FRONTAL GYRUS 21
SUPERIOR PARIETAL LOBULE 17
SUPERIOR TEMPORAL GYRUS 21
SUPRAMARGINAL GYRUS 1
SYNOVIUM OF JOINT, NOS 1
THYROID GLAND, NOS 25
URETER, NOS 1
UTERUS, NOS 4
VAS DEFERENS, NOS 1
VEIN, NOS 1
WHITE BLOOD CELL, NOS 19
VISUAL CORTEX 23
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Table C.29: The number of samples for each tissue for the
hypertension group.

Tissue Number of samples
ADIPOSE TISSUE 6
ADRENAL GLAND, NOS 1
AMYGDALOID NUCLEUS 1
APPENDIX, NOS 1
BREAST, NOS 40
CAUDATE NUCLEUS, NOS 3
CEREBELLAR HEMISPHERE, NOS 3
CEREBELLAR VERMIS, NOS 2
CEREBELLUM, NOS 1
CERVIX, NOS 17
CINGULATE GYRUS 5
COLON, NOS 23
CORPUS CALLOSUM, NOS 1
ENDOMETRIUM, NOS 19
ENTORHINAL CORTEX 2
FALLOPIAN TUBE, NOS 11
FRONTAL POLE 4
GLOBUS PALLADIUS, NOS 3
HEPATOCYTE 10
HIPPOCAMPUS 2
HYPOTHALAMUS, NOS 2
INFERIOR TEMPORAL GYRUS 4
INSULA, NOS 1
KIDNEY, NOS 17
LEFT ATRIUM, NOS 17
LEFT VENTRICLE, NOS 24
LOCUS CERULEUS 3
LUNG, NOS 9
LYMPH NODE, NOS 1
LYMPHOCYTE, NOS 17
MIDDLE TEMPORAL GYRUS 3
MONOCYTE, NOS 6
MOTOR CORTEX 4
MUSCLES, NOS 2
MYOMETRIUM, NOS 39
NUCLEUS BASALIS OF MEYNERT 2
OMENTUM, NOS 5
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ORBITAL GYRI 4
OVARY, NOS 48
PENIS, NOS 1
PRECENTRAL GYRUS 2
PROSTATE, NOS 11
PULVINAR, NOS 2
PUTAMEN 2
RAPHE OF MEDULLA OBLONGATA 3
RECTUM, NOS 4
RIGHT ATRIUM, NOS 17
RIGHT VENTRICLE, NOS 22
SEPTAL AREA OF PARATERMINAL
BODY OF RHINENCEPHALON 3
SKIN, NOS 17
SMALL INTESTINE, NOS 8
SOFT TISSUES, NOS 1
SPLEEN, NOS 6
SUBSTANTIA NIGRA 2
SUBTHALAMIC NUCLEUS 1
SUPERIOR PARIETAL LOBULE 2
SUPERIOR TEMPORAL GYRUS 3
SUPRAMARGINAL GYRUS 2
SYNOVIUM OF JOINT, NOS 2
TEMPORAL GYRUS, NOS 3
TEMPORAL POLE 1
THALAMUS, NOS 3
URETER, NOS 6
UTERUS, NOS 1
VEIN, NOS 1
WHITE BLOOD CELL, NOS 21
WHITE MATTER OF OCCIPITAL LOBE 2
VISUAL CORTEX 2

Table C.30: The number of samples for each tissue for the
obesity group.

Tissue Number of samples
ADIPOSE TISSUE 5
ADRENAL GLAND, NOS 3
APPENDIX, NOS 2
BREAST, NOS 54
BRONCHUS, NOS 2
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CEREBELLUM, NOS 1
CERVIX, NOS 32
COLON, NOS 84
CORTEX OF FRONTAL LOBE 1
CORTEX OF PARIETAL LOBE 1
CORTEX OF TEMPORAL LOBE 1
DUODENUM, NOS 3
ENDOMETRIUM, NOS 12
ESOPHAGUS, NOS 7
FALLOPIAN TUBE, NOS 11
GALLBLADDER, NOS 3
HIPPOCAMPUS 1
KIDNEY, NOS 37
LEFT ATRIUM, NOS 56
LEFT VENTRICLE, NOS 77
LIVER, NOS 39
LUNG, NOS 97
LYMPH NODE, NOS 30
MUSCLES, NOS 15
MYOMETRIUM, NOS 54
OMENTUM, NOS 11
OVARY, NOS 49
PANCREAS, NOS 8
PAROTID GLAND, NOS 6
PERITONEUM, NOS 1
PROSTATE, NOS 4
RECTUM, NOS 26
RIGHT ATRIUM, NOS 69
RIGHT VENTRICLE, NOS 58
SALIVARY GLAND, NOS 5
SEMINAL VESICLE, NOS 2
SKIN, NOS 14
SMALL INTESTINE, NOS 25
SMOOTH MUSCLE, NOS 1
SOFT TISSUES, NOS 4
SPLEEN, NOS 14
STOMACH, NOS 26
THYMUS, NOS 6
THYROID GLAND, NOS 37
UTERUS, NOS 29
VAGINA, NOS 1
WHITE BLOOD CELL, NOS 14
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VULVA, NOS 2
Table C.31: The number of samples for each tissue for the
group that has none of the four risk factors.
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Appendix D

Number of samples for donors
lacking one of the risk factors

The results are shown in five tables. Table D.32 shows the number of tissues for
the donors having all risk factors. Table D.33 shows the number of tissues for the
donors having all risk factors except diabetes type 2. Table D.34 shows the number
of tissues for the donors having all risk factors except dyslipidemia. Table D.35 shows
the number of tissues for the donors having all risk factors except hypertension.Table
D.36 shows the number of tissues for the donors having all risk factors except obesity.

Tissue Number of samples
APIPOSE TISSUE 2
CERVIX, NOS 1
COLON, NOS 4
FALLOPIAN TUBE, NOS 1
KIDNEY, NOS 2
LUNG, NOS 3
MYOMETRIUM, NOS 4
OVARY, NOS 6
PANCREAS, NOS 1
SKIN, NOS 1
SMALL INTESTINE, NOS 2
UTERUS, NOS 2

Table D.32: Number of tissue samples for each tissue in the
group having all risk factors.

Tissue Number of samples
ADIPOSE TISSUE 4
CERVIX, NOS 3
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COLON, NOS 9
ENDOMETRIUM, NOS 1
FALLOPIAN TUBE, NOS 3
KIDNEY, NOS 7
LUNG, NOS 13
MYOMETRIUM, NOS 7
OMENTUM, NOS 1
OVARY, NOS 8
PANCREAS, NOS 1
SKIN, NOS 1
SMALL INTESTINE, NOS 3
UTERUS, NOS 2
VEIN, NOS 4

Table D.33: Number of tissue samples for each tissue in the
group having all risk factors except diabetes type 2.

Tissue Number of samples
ADIPOSE TISSUE 5
ARTERY, NOS 1
BLADDER, NOS 3
BREAST, NOS 5
CAUDATE NUCLEUS, NOS 2
CEREBELLAR VERMIS, NOS 1
CEREBELLUM, NOS 1
CERVIX, NOS 7
COLON, NOS 21
CORPUS CALLOSUM, NOS 1
CORTEX OF FRONTAL LOBE 1
ENDOMETRIUM, NOS 2
ENTORHINAL CORTEX 1
FALLOPIAN TUBE, NOS 2
FRONTAL POLE 1
HIPPOCAMPUS 1
HYPOTHALAMUS, NOS 1
INFERIOR TEMPORAL GYRUS 1
INSULA, NOS 1
KIDNEY, NOS 4
LUNG, NOS 11
MEDULLA OBLONGATA, NOS 1
MIDDLE TEMPORAL GYRUS 1
MOTOR CORTEX 1
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MUSCLES, NOS 3
MYOMETRIUM, NOS 8
ORBITAL GYRI 1
OVARY, NOS 16
PANCREAS, NOS 2
PRECENTRAL GYRUS 1
PROSTATE, NOS 8
RECTUM, NOS 1
SEPTAL AREA OF PARATERMINAL
BODY OF RHINENCEPHALON 1
SKIN, NOS 7
SMALL INTESTINE, NOS 4
SOFT TISSUES, NOS 1
SPLEEN, NOS 3
STOMACH, NOS 2
SUBSTANTIA NIGRA 1
SUPERIOR TEMPORAL GYRUS 1
TEMPORAL GYRUS, NOS 1
UTERUS, NOS 3
VEIN, NOS 1
Table D.34: Number of tissue samples for each tissue in the
group having all risk factors except dyslipidemia.

Tissue Number of samples
ADIPOSE TISSUE 2
CERVIX, NOS 1
COLON, NOS 4
FALLOPIAN TUBE, NOS 1
KIDNEY, NOS 2
LUNG, NOS 7
MYOMETRIUM, NOS 4
OVARY, NOS 7
PANCREAS, NOS 1
SKIN, NOS 1
SMALL INTESTINE, NOS 2
UTERUS, NOS 2

Table D.35: Number of tissue samples for each tissue in the
group having all risk factors except hypertension.

Tissue Number of samples
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ADIPOSE TISSUE 2
CERVIX, NOS 1
COLON, NOS 8
DUODENUM, NOS 3
FALLOPIAN TUBE, NOS 1
GALLBLADDER, NOS 1
KIDNEY, NOS 4
LIVER, NOS 3
LUNG, NOS 10
MYOMETRIUM, NOS 4
OMENTUM, NOS 1
OVARY, NOS 7
PANCREAS, NOS 3
SKIN, NOS 1
SMALL INTESTINE, NOS 2
SPLEEN, NOS 1
STOMACH, NOS 2
UTERUS, NOS 2

Table D.36: Number of tissue samples for each tissue in the
group having all risk factors except obesity.
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Appendix E

Java code for mining the
association rules

import java.util.*;

import java.io.*;

public class Compare

{

//Member variables

Set riskfactorrules;

Set riskfactorrules2;

Set negativerules;

Set uniqueRules;

Set commonRules;

double numberOfInstances;

//Constructor for the class

public Compare()

{

riskfactorrules = new HashSet();

riskfactorrules2 = new HashSet();

negativerules = new HashSet();

uniqueRules = new HashSet();

commonRules = new HashSet();

}

/* Method for reading a output file from the Weka

* apriori-method. Returns a Set with rows that contain unparsed rows
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* with rules. The method also reads the variable "Instances" from the

* file into the variable numberOfInstances. */

public Set readfile(String file)

{

Set rules = new HashSet();

try

{

BufferedReader in = new BufferedReader(new

FileReader(file));

String line = in.readLine();

while(line != null)

{

/* The second token contains the number of instances

* and is read in to the variable

* numberOfInstances. The nextToken method has to be

* called two times to reach the second token. */

if (line.indexOf("Instances:") != -1)

{

StringTokenizer st = new StringTokenizer(line);

st.nextToken();

numberOfInstances =

Double.parseDouble(st.nextToken());

}

/* The lines containing rules is added to the Set

rules. */

if (line.indexOf("==>") != -1)

{

rules.add(line);

}

line = in.readLine();

}

}

catch (IOException ioe)

{

System.out.println("Error while reading file,

java returned the following message: ");

System.err.println(ioe.getMessage());

System.exit(1);

}

return rules;
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}

/* Method for parsing the rules and check conditions for

* confidence and instances. */

public Set tokenize(Set rules)

{

double confidence;

String token = new String();

String temp = new String();

//Parse the Set rules to an Array named oldRuleArray

String[] oldRuleArray = (String[])

rules.toArray(new String[0]);

//The new rule array will contain valid rules

String[] newRuleArray = new String[oldRuleArray.length];

// The Set will that will be returned from the method

Set ruleSet = new HashSet();

double instances;

for (int i = 0; i < oldRuleArray.length; i++)

{

temp = "";

confidence = 0.0;

//Tokenize the old array

StringTokenizer st = new StringTokenizer(oldRuleArray[i]);

String[] tokenArray = new String[st.countTokens()];

//Fill tokenArray with tokens

int j = 0;

while (st.hasMoreTokens())

{

tokenArray[j] = st.nextToken();

j++;

}

//Read the number of instances for the specific rule

instances =

Double.parseDouble(tokenArray[tokenArray.length-2]);

/* Read the confidence into the variable confidence and
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* the rules into the temporary string */

for (int k =0; k < tokenArray.length; k++)

{

if (tokenArray[k].indexOf("conf") != -1)

{

confidence = Double.parseDouble

(tokenArray[k].substring(6,tokenArray[k]

.length()-1));

}

else if (tokenArray[k].indexOf("=") != -1)

{

temp = temp + tokenArray[k] + " ";

}

}

/* Check that the confidence and the number of instances

* does not pass the threshold values and read the

* temporary string into the new array of rules. */

if (confidence >= 1 && instances/numberOfInstances > 0.95)

newRuleArray[i]=temp;

}

/* Add the rules in the new array to the rule Set. */

for (int i = 0; i < newRuleArray.length; i++)

{

if (newRuleArray[i] != null)

ruleSet.add(newRuleArray[i]);

}

return ruleSet;

}

/* Method for returning a unique set of rules from two Sets. */

public boolean uniqueRules(Set rfrules, Set nrules)

{

return rfrules.removeAll(nrules);

}

/* Method for returning a Set of common rules from two Sets. */

public boolean commmonRules(Set rfrules, Set nrules)

{
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return rfrules.retainAll(nrules);

}

public static void main(String args[])

{

try

{

Compare compareobject = new Compare();

String riskfactorfile = new String();

String negativefile = new String();

FileWriter uniqueFile = new FileWriter("unique.txt");

FileWriter commonFile = new FileWriter("common.txt");

Iterator setIterator1;

Iterator setIterator2;

boolean answer1;

boolean answer2;

if (args.length == 2)

{

riskfactorfile = args[0];

negativefile = args[1];

}

else

{

System.out.println("The required syntax is:

’program name’ ’riskfactor file’ ’negative file’");

System.exit(1);

}

compareobject.riskfactorrules =

compareobject.readfile(riskfactorfile);

compareobject.riskfactorrules =

compareobject.tokenize(compareobject.riskfactorrules);

/* Since the method uniqueRules is going to change

* riskfactorrules, a new object is needed for the method

* commonRules. */

compareobject.riskfactorrules2.addAll

(compareobject.riskfactorrules);
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compareobject.negativerules =

compareobject.readfile(negativefile);

compareobject.negativerules =

compareobject.tokenize(compareobject.negativerules);

answer1 = compareobject.uniqueRules

(compareobject.riskfactorrules,

compareobject.negativerules);

answer2 = compareobject.commmonRules

(compareobject.riskfactorrules2,

compareobject.negativerules);

setIterator1 = compareobject.riskfactorrules.iterator();

setIterator2 = compareobject.riskfactorrules2.iterator();

if (answer1 = true)

{

//Write the unique rules to a file

while (setIterator1.hasNext())

{

uniqueFile.write(setIterator1.next().toString());

uniqueFile.write(System.getProperty

("line.separator"));

}

uniqueFile.close();

}

else

System.out.println("There were no unique rules!");

if (answer2 = true)

{

//Write the common rules to a file

while (setIterator2.hasNext())

{

commonFile.write(setIterator2.next().toString());

commonFile.write(System.getProperty

("line.separator"));

}

commonFile.close();

}

else
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System.out.println("There were no common rules!");

}

catch (Exception e)

{

System.out.println("Error while writing file");

}

}

}
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