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ABSTRACT 
The general aim of this thesis has been to explore the use of Affymetrix microarray technology in 
studies of global gene expression in complex biological systems, particularly with regard to the 
dynamics and heterogeneity of gene expression. The effects and systems studied are:  
1. Delayed effects on gene expression in bulk cultures and individual cell clones of primary human 

lymphocytes exposed to ionising radiation (study I). 
2. Changes in gene expression in relation to genetic markers, disease progression and prognosis in 

chronic lymphocytic leukemia (B-CLL) (study II and III). 
3. The effects of genetically engineered over-expression of a single gene that is important in 

recombinational DNA repair, HsRad51, on the gene expression in a human fibrosarcoma cell line 
(study IV). 

The results from study I showed that: A notable variability and progressive differentiation of gene 
expression was observed during long-term culture. In bulk cultures, the number of genes which 
displayed a change of gene expression after irradiation increased dramatically with increasing culture 
time. The changes of gene expression showed a significantly more diversified pattern in irradiated T-
cell clones than in non-irradiated clones. Finally, by combining gene expression profiles from bulk 
cultures and cell clones we were able to sort out a set of genes whose change of expression 
correlates with radiation exposure regardless of cell origin and culture time. 
In study II, the presence or the lack of a genetic marker (VH3-21) was used to distinguish between two 
B-CLL populations. The result showed a distinct expression profile for VH3-21+ B-CLL vs. non- VH3-21+ 
B-CLL. Our novel finding of a specific ‘VH3-21 profile’ strengthens the suggestion that this group 
comprises a separate subgroup of B-CLL and may also give insights into the pathogenesis of VH3-21+ 
B-CLL. 
In study III B-CLL patients were classified according to clinical criteria in stable or progressive disease. 
No distinction based on expression profile was obtained between these groups. Nevertheless, it was 
possible to identify a set of discriminatory genes that might be of importance for the progression of the 
disease. In addition, with an unsupervised clustering approach we also identified subgroups among 
the samples from patients with progressive disease. 
In study IV we used an in vitro system to study how overexpression of one single gene affects the 
global gene expression.  The most prominent findings were the over-representation of mismatch repair 
(MMR) genes which play a role both directly in recombinational repair and in the regulation of the 
repair process. These genes were transcriptionally downregulated in response to increased HsRad51 
protein levels and transcriptionally upregulated in response to decreased HsRad51 levels.   
The overall conclusions from these results are that global gene expression in complex biological 
systems is subject to dynamic change and may display considerable variation during cell proliferation, 
stress response and disease progression. Nevertheless, the combination of global, subtle changes in 
many genes may be useful as a marker for biological change in complex cell systems. Subgroup 
classification based on clinical observations (e.g. stable and progressive B-CLL) might represent 
multiple causes and mechanisms for a disease and provide less distinction in gene expression 
profiles, compared to more concrete sub-classification based on a common genetic marker (e.g. VH3-
21). If single marker genes do not give a clear distinction between two clinically separated patient 
subgroups a combination of genes might give a more clear class distinction.  
The results of this thesis support the notion that the global gene expression in normal cells is in a state 
of robust dynamic equilibrium. Since the expression of genes form interactive ‘networks’, the response 
to either an acute stress affecting many genes (e.g. ionising radiation) or to a change of a single 
gene’s expression (e.g. genetically engineered upregulation) will depend on how many pathways and 
downstream genes that are affected. Eventually, the global gene expression may be restored at the 
same or slightly different level, or the balance may move to a distinctly different state that may be 
visualized as a persistent change in the global expression profile. The understanding of the dynamic 
interactions in these networks and connections is a major challenge for the future studies of the 
regulation of gene expression in complex biological systems.   
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1. INTRODUCTION 

     
The sequencing of the human genome, along with technical development of high 

throughput sequencing and array technologies has provided the tools for global 

analysis of gene expression. This development has widened the view and deepened 

the knowledge of mechanisms and pathways involved in cellular control mechanisms.  

The Human Genome Project [1, 2] provided a vast amount of information how our 

genome is organised. The most recent publication estimated the number of 

expressed genes to ~ 20 000- 25 000 [3].  

Although all cells in our body hold the same inherited genomic material, each cell 

expresses different genes as messenger RNA (mRNA) according to the cell type, 

biological processes, normal/abnormal conditions etc. A subset of “House keeping 

genes” can be detected in many or all of the different cell types in our body, while the 

expression profiles in different tissue-specific cells vary considerably. Most transcripts 

are represented by few mRNA copies per cell, while some genes are transcribed with 

up to thousands of mRNA copies in a single cell.  

Our need to comprehend the versatility, complexity and robustness of living systems 

has encouraged researchers to find tools and techniques to dissect the network of 

genes, proteins and metabolites. 

To understand gene function, it is helpful to know when, where and to what extent a 

gene is expressed, and under what conditions a gene is affected. It has become clear 

that identification of global sets of gene transcripts and proteins is a necessary step 

towards understanding the complexity of biological systems. 

 
New techniques have been developed during the last decade where the global gene 

expression can be studied under controlled and unbiased conditions. In parallel with 

bioinformatic resources a “molecular portrait” of cells and tissues can be “painted”, 

the regulation of gene expression can be unravelled and biological pathways and 

molecular functions of changed genes can be identified. 
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The most common tools used to study gene expression are serial analysis of gene 

expression (SAGE) and microarray techniques.  These methods have become useful 

tools in several fields of molecular biology, for example in drug discovery, disease 

prognosis, disease-sub classification and biomarker determination. 

A typical microarray experiment gives thousands of data points that need to be 

organized for data analysis and interpretation. For this purpose several analysis 

softwares have been developed. These tools can be used to sort out the data that is 

reproducible and of biological importance. In addition, bioinformatic resources are 

needed in order to discover biological pathways and molecular functions for identified 

genes. 

 

2. GENERAL AIM 
 

To investigate the use of Affymetrix microarray technology in studies of global gene 

expression in complex biological systems, particularly the dynamics and 

heterogeneity of gene expression. Three different cell systems were included in the 

study: normal cells subjected to radiation exposure, malignant cells, and a genetically 

engineered human cell line with an inducible gene. The purpose was to investigate 

which types of information could be extracted by gene expression analysis in these 

systems. 

 

3. BACKGROUND 
 

3.1 Control of gene expression 
Eukaryotic gene expression is strictly controlled with several steps in a pathway 

leading from DNA to protein, and in principle all of them are regulated. A cell can 

control the proteins it makes by regulating (1) when and how often a given gene is 

transcribed (transcriptional control), (2) how the RNA transcript is spliced or otherwise 

processed (RNA processing control), or by (3) selecting which completed mRNAs in 
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the cell nucleus that are exported to the cytosol and determining where in the cytosol 

they are localized (RNA transport and localization control), (4) selecting which 

mRNAs in the cytoplasm that are translated by ribosomes (translational control), or 

by (5) selectively destabilizing certain mRNA molecules in the cytoplasm (mRNA 

degradation control), and (6) selectively activating, inactivating, degrading, or 

compartmentalizing specific protein molecules after they have been made (protein 

activity control)[4]. 

 

The transcription of a gene is generally controlled by combinations of gene regulatory 

proteins that bind to regulatory sites in the DNA. A single gene regulatory protein can 

coordinate the expression of several different genes. In addition to regulatory 

proteins, inherited states of chromatin condensation are used to control gene 

expression. Transcriptional control can also be achieved by DNA methylation, a DNA 

modification that is inherited directly from mother to daughter DNA strand. 

 
Most transcripts are modified by RNA processing. In the splicing process the intron 

sequences are removed from the mRNA precursor. A cell can splice the “primary 

transcript” in different ways and thereby make different polypeptide chains from the 

same gene – a process called alternative RNA splicing. A single gene can thus 

produce dozens of different proteins. A substantial proportion of higher eukaryotic 

genes (at least a third of human genes) produce multiple proteins in this way [5]. 

Another posttranscriptional modification is RNA editing, in which the nucleotide 

sequence is changed by insertion or deletion of nucleotides. 

 
The transport of RNA molecules from the nucleus to the cytoplasm is tightly 

controlled. Uncompleted splicing and processing of a RNA molecule could in principle 

block the exit of that RNA from the nucleus. The mRNA molecules require specific 

signals for correct localization in the cytoplasm. The localization can work through 

different mechanisms; directed transport to destination on the cytoskeleton, random 

diffusion and trapping at localization sites. Other mRNAs are degraded in the cytosol 

unless they have bound to a localized protein complex that anchors and protects the 

mRNA from degradation. 
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In general the translation initiation of an mRNA begins with the codon AUG, and a 

specific tRNA is required to initiate translation. But the nucleotides immediately 

surrounding the AUG also influence the efficiency of translation initiation. If the 

recognition site is poor enough, scanning ribosomal subunits will ignore the first AUG 

codon in the mRNA and skip to the second or third AUG codon instead. This 

phenomenon, known as “leaky scanning”, is a strategy frequently used to produce 

two or more closely related proteins, differing only in their amino termini, from the 

same mRNA. For example, it allows some genes to produce the same protein with 

and without a signal sequence attached at its amino terminus so that the protein is 

directed to two different locations in the cell. 

 
Eukaryotic mRNAs are relatively stable. The half-life spans from up to more than 10 

hours to less than 30 minutes. Two major degradation pathways exist; the most 

common pathway involves the gradual shortening of the poly-A tail by specific 

proteins that compete directly with the translation machinery. A second pathway by 

which mRNA is degraded begins with the action of specific endonucleases, which 

cleave the poly-A tail from the rest of the mRNA in one step.  

 

3.2 The transcriptome 
The transcriptome can be defined as the complete collection of transcribed elements 

of the genome. In addition to mRNAs, it also contains non-coding RNAs, which are 

used for structural, and regulatory purposes i.e. transfer RNAs (tRNAs), ribosomal 

RNAs (rRNAs), small nuclear RNAs (snRNAs) and small nucleolar RNAs (snoRNAs). 

Most of the total cytoplasmic RNA is rRNA, and only 3 to 5% is mRNA, a ratio 

consistent with the presence of about 10 ribosomes per mRNA molecule. 

 

A group of short non-coding RNAs has been identified lately: small interfering RNAs 

(RNAi) and micro RNAs (miRNA) [6, 7]. Both are produced by enzyme cleavage of 

double-stranded RNA precursors into small 21-25 bp long fragments. They function 

as antisense RNAs and bind to the complementary mRNAs and cause degradation of 
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the mRNA or translational repression in the ribosome. Recent studies reveal that 

miRNA may be involved in cancer and other diseases [8-12].  

 

3.2.1 The population of mRNAs 

The mRNA population can broadly be divided into four classes (Figure 1). This 

classification is based on the number of copies of a specific mRNA that can be 

observed in a cell. The challenge and main focus in most transcriptome studies is to 

identify changes in expression for the group of messenger RNAs with the lowest 

abundance, because many important mRNAs are contained in this class. 

An example of how mRNAs are categorized according to abundance in human tissue 

is shown in Figure 1. 

 

≤5 copies(95%)

5 to 50 copies(4.5%)

50 to 500 copies(0.45%)

>500 copies(0.05%)95%

4.5%

0.45% 0.05%

 
Figure 1. The percentage distribution of unique transcripts (represented by SAGE 

tags, see below) from 84 SAGE libraries originated from human tissues. Data 

modified from Velculescu et al. [13]. 
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3.2.2 Studies of the transcriptome  

Transcriptome studies have been laborious and time consuming in the past. 

Available techniques, like Northern and Western blotting, allowed only one or a few 

genes to be studied at one time. 

Lately, the availability of genome information and the parallel development of gene 

expression analysis techniques have provided the means to perform global analyses 

of the expression of genes in a single assay. 

  

The two most used techniques to study global gene expression are Serial Analysis of 

Gene Expression (SAGE) [14] and microarrays [15-17].  

The SAGE method is based on concatenation, ligation and sequencing of short (9-14 

bp long) “tags”, or complementary DNA (cDNA) fragments. The number of times a 

tag occurs is related to the abundance of its corresponding messenger. The SAGE 

technique is unique in that almost the complete global transcriptome in a given cell 

population can be revealed in one single experiment. This technique has been 

applied widely in human studies from different cells/tissues [13, 18, 19], as well as in 

bacteria, yeast, plants and parasites [20-23]. 

 

There are two major different types of microarray platforms in common use: spotted 

arrays and Affymetrix oligonucleotide arrays [15-17].  

Spotted arrays can be custom made by any laboratory that has the technique 

running. A robot spotter is used to apply small quantities of a probe to a glass plate; 

the probe can consist of full-length cDNA clones, polymerase chain reaction (PCR) 

product or oligonucleotides. Each probe is complimentary to a unique gene. The 

advantage with spotted arrays is that any probe sequence can be designed for 

spotting on the array. The disadvantage is that spotting is difficult to get as uniform as 

in manufactured arrays. For comparison analyses both control and experiment 

samples are hybridised to the same chip. The samples are labelled with different 

fluorochromes to detect differences in messenger abundance between samples. 

The Affymetrix GeneChip® was developed from the computer industry where the 

same technique was used to make silicon chips for computers. The technique is used 
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to synthesize million copies of oligonucleotides arranged on a glass slide. A more 

detailed description of the Affymetrix technique can be found in section 4.2.  

The array technology is useful in a wide range of applications, such as experimental 

annotation of the human genome [24], discovery of gene functions [25], analysis of 

complex diseases [26, 27], biological-pathway dissection [28], tumor profiling [28, 29], 

diagnostic and prognostic predictors of various cancers [28], drug-target validation 

[28, 30], biomarker identification [28, 31] and compound-toxicity studies [32]. 

 

3.2.3 Studies of gene expression in cancer 

Tumors are complex biological systems. Earlier studies have been focusing on single 

events that involve dysregulation of a few oncogenes and tumor-suppressor genes 

through point mutations, deletions, amplification, rearrangements or other events. 

However, it has become clear that human tumors are more complex than expected 

and that several pathways and factors can be affected in different cancers. To fully 

understand tumor development, novel strategies to study the genome, transcriptome 

and proteome are needed. 

 

One basic approach is to analyse gene expression patterns in experimental models, 

such as cell lines and animal models, to characterize the fundamental processes of 

tumor growth and to elucidate the effect of single genes [33].  In a study by Sandberg 

et al. it was shown that many cell lines, that are used as model systems for different 

in vivo tumors, lose the original tumor characteristic expression pattern [34]. 

Therefore, the most appropriate cell lines in experimental research need to be 

chosen carefully. 

The most intuitive comparison is where expression profiles of a specific tumor type 

are compared with its corresponding normal tissue of origin. With this strategy 

several groups have investigated different tumor types. A study on gastric tumors vs. 

normal tissue showed that the expression of 80 cDNAs in normal and tumor samples 

differed more than 3.5 sample standard deviations [35]. In addition, differences in 

gene expression patterns between normal and tumor tissue have been reported in 
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ovarian [36, 37], hepatocellular [38] and prostate [39] carcinomas, and melanoma 

[40]. 

An important approach in gene expression studies in cancer is to identify prognostic 

markers that can predict the outcome of the disease or to discover new classes in a 

phenotypically homogenous cancer. Another classification method is to “build” a 

diagnostic and prognostic predictor that can be used both to understand the biology 

behind the disease and diagnose future samples. 

The first attempt to classify tumors, based on the gene expression pattern, was 

performed by Golub et al. 1999 [41]. A class discovery procedure was used to 

correctly distinguish between acute myeloid leukemia (AML) and acute lymphoblastic 

leukemia (ALL) without previous biological knowledge. 

Other gene expression studies have compared the molecular profile in samples with 

known breast cancer markers; e.g. the presence of the prognostic factor oestrogen 

receptor (ER) in tumors [42-47]  or the mutant BRCA genes  [48] . Both ER+ and 

BRCA mutant tumor samples can be separated, by the expression profile, from 

samples that lack these prognostic markers. 

Studies showing a distinction between bad or good prognosis in breast cancer 

patients have been reported from several laboratories.  For example, a supervised 

analysis by van’t Veer et al. identified a discriminatory set of 70 genes [45].  These 

genes were then used as a predictor that could distinguish between breast cancer 

patients that developed metastases in less than 5 years and patients that were 

metastasis-free for longer than 5 years. 

Most published studies have applied expression profiling to single cancer types. 

However, efforts have focused on developing multiclass classifiers capable of 

distinguishing between multiple common human malignancies [49-51]. Ramaswamy 

et al. [50] identified a multiclass classifier capable of predicting the identity of primary 

and metastatic cancers from 14 different tumor classes with high accuracy. 

 

3.3 Genomic instability (GI) 
The concepts of genomic and chromosomal instability have been widely discussed 

as crucial events in carcinogenesis [52]. Recent work has strengthened the proposal 
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that mutational alterations conferring instability occur early during tumor formation. 

The resulting GI is thought to drive tumor progression by generating gene mutations 

that provide cancer cells with a selective growth advantage [53].  

In order to understand the changes responsible for GI the concept genomic stability 

needs to be discussed. Genomic stability can be described, as the ability of cells to 

protect and maintain the integrity of their genetic material. This is essential for cell 

propagation, differentiation and reproduction. Genomic stability is crucial to prevent 

carcinogenesis, since cancer develops in response to several, consecutive mutations 

and chromosomal rearrangements. Many proteins involved in cell cycle control and 

DNA replication (“gatekeeper genes”), chromosomal segregation, DNA repair 

(“caretaker genes”) and telomerase activity act in concert during cell proliferation to 

maintain the integrity of the genome. 

 

GI is not a modern discovery. In fact, the German scientist Boveri suggested already 

1914 that abnormal chromosomes might be responsible for cancerous tumors. In an 

extensive paper "Zur Frage der Entstehung maligner Tumoren" he postulated that 

tumor growth is based on "einen bestimmten, unrichtig kombinierten 

Chromosomenbestand. Dieser ist die Ursache für die Wucherungstendenz, die auf 

alle Abkömmlinge der Urzelle...übergeht." [54].  

 

The existence of several, rare human autosomal recessive diseases, known as 

chromosomal instability syndromes (Table 1), demonstrate that GI can result from 

mutations affecting single genes. These conditions, Werner syndrome (WS) [55], 

Bloom’s syndrome (BS) [56], Ataxia telangiectasia (AT) [57], Ataxia-telangiectasia-

like disorder (ATLD) [58], Fanconi anaemia (FA) [59], and Nijmegen breakage 

syndrome (NBS) [60], display a breakdown of homeostatic processes resulting in 

multisystem effects including malignancy, immunodeficiency, neurological disorders 

and growth and development abnormalities. In addition, they all display an increased 

frequency of chromosomal aberrations in somatic cells. Loss of function of the genes 

implicated in these disorders not only relaxes controls on genome stability, but also 

affects cellular sensitivity to ionising radiation (IR) and/or chemotherapeutic agents.  
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Table 1. Chromosomal instability syndromes 

Syndrome Affected Pathway Defective Protein Major Cancer 
Predisposition 

Werner syndrome 
(WS) 

Homologous 
recombination 
 

WRN helicase Various cancers 

Bloom’s syndrome  
(BS) 

Homologous 
recombination 
 

BLM helicase Leukemia, lymphoma, 
others 

Ataxia  
telangiectasia (AT) 
 

DNA dsb response ATM  Lymphomas 

Ataxia-
telangiectasia-like 
disorder (ATLD) 
 

DNA dsb response MRE11 Lymphomas 

Nijmegen breakage 
syndrome (NBS) 
 

DNA dsb response NBS1 Lymphomas 

Fanconi anemia  
(FA) 

DNA crosslink 
repair 

FANCA, FANCC,  
FANCD1, FANCD2, 
FANCE, FANCF,  
FANCG and FANCL 

Leukemia, others 

 

 

GI as such can arise spontaneously and also be induced by ionising radiation or 

alkylating agents [61, 62]. Chemical induction of GI is not so well documented while 

radiation induced GI has been studied in detail (see section 3.3.2).  

 

3.3.1 Genomic instability in cancer 

Numerous genetic alterations that affect growth-controlling genes have been 

identified in neoplastic cells over the past 15 years, providing persuasive evidence for 

the genetic basis of human cancers. The alterations can be divided into four major 

categories [52] : (1) Subtle sequence changes, (2) alterations in chromosome 

number, (3) chromosome translocations and (4) gene amplification. 

Subtle sequence changes involve base substitutions or deletions or insertions of a 

few nucleotides. Sequence changes of this kind are associated with defects in two of 

the major repair systems, nucleotide-excision repair (NER) and mismatch repair 
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(MMR). The role of NER in cancer first came to light through the study of Xeroderma 

Pigmentosum patients where the NER genes are mutated. A homozygous individual 

will after exposure to an environmental agent (UV) develop a NER-related instability 

(NIN), resulting in an increased frequency of mutation and eventually cancer. 

The MMR system plays an important role in the repair of base mismatches and 

misalignments of short sequence repeats that occur during DNA replication. Loss of 

MMR function is associated with an elevated frequency of alterations in short mono- 

to pentanucleotide sequences, i.e. microsatellite DNA instability (MIN). MIN is a 

characteristic feature of tumors in a subgroup of patients with hereditary non-

polyposis colorectal cancer (HNPCC), who have inherited a mutation in one allele of 

a MMR gene. Loss of the corresponding wild-type allele in somatic cells leads to an 

accumulation of mutations in simple repeat sequences at many loci within the 

genome, including a variety of cancer-associated genes, i.e. hMSH3, hMSH6, TGF-β, 

BAX and caspase-5. 

Alterations in chromosome number involve losses or gains of whole chromosomes 

(aneuploidy), which is a common feature in many kinds of tumors. The molecular 

basis of this type of chromosomal instability, denominated CIN remains undefined in 

most human cancers. 

Structural chromosome aberrations (CIS). Chromosome translocations can give rise 

to fusions between two different genes, endowing the fused transcript with 

tumorigenic properties. Another effect can be to move a normally silent gene into a 

transcriptionally active chromosome region. Two patterns of chromosome 

translocations have been seen in human cancers.  

The simple type is characterised by specific chromosomal rearrangements that are 

associated with distinct neoplastic diseases, often hematological malignancies, e.g. 

chronic myeloic leukemia (CML), t(9;22) fusion of BCR/ABL1 [63].  

The complex type is frequently seen in many solid tumors [64]. The cells display 

variable, non-specific aberrations, including marker chromosomes and complex 

rearrangements involving several chromosomes.   

Gene amplification (GA) is an important process in human cancers, as it is clearly 

associated with tumor progression and has prognostic significance.  Gene 
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amplification affects a single or few genes in each cell and, in general, occurs late in 

tumorigenesis, e.g. amplification of N-myc [65]. 

 

The cancer-prone chromosomal instability syndromes, with mutations in genes 

causing defects in DNA replication, recombination, repair and transcription have been 

studied also in regard to the effect on global gene expression: The transcriptional 

profile in Werners syndrome showed a large similarity (91%) with the normal aging 

gene expression profile [66]. In a study by Zanier et al. the expression profile for 

Fanconi anemia was defined [67]. The main observation in the study was that in spite 

of the DNA damage hypersensitivity of the syndrome no gene coding for a protein 

directly involved in DNA repair/damage was deregulated. Other groups have 

analysed the global gene expression profile in Ataxia telangiectasia mutated (ATM) 

and Nijmegen breakage syndrome (NBS) [68]. Several dysregulated genes were in 

common in ATM and NBS. The two diseases also showed distinct gene regulation 

patterns.  

Although these syndromes share a common feature, chromosomal instability, they 

are distinct separate conditions which also are exposed in the transcriptional profile. 

 

 

3.3.2 Radiation induced chromosomal instability 

Ionising radiation (IR) is a complete carcinogen with a capacity of both initiating and 

promoting the tumor process. Radiation-induced DNA damage initiates complex 

series of overlapping responses responsible for the maintenance of the genomic 

integrity [69, 70]. These include DNA damage recognition and repair, induction of cell 

cycle checkpoints, senescence and/or apoptosis. 

The important initial effect of radiation appears to be the induction of GI [71, 72], 

which then allows for a higher probability of rare mutations, which represent the 

second step(s) that lead in turn, to malignant transformation [73]. 

The first reported study on radiation-induced chromosomal instability (RICI) was by 

Kadhim et al. [74], who observed that hemopoietic cells that survived exposure to α 

particles displayed increased frequency of novel chromosome breaks many 
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generation after the exposure. These chromosomal breaks could not be due to the 

acute effect of the exposure since many cell generations had elapsed after the 

exposure, and were not the derived type of aberrations that can be observed in 

surviving cells after replication (e.g. deletions and translocations). The conclusion 

was therefore that the irradiation induces some kind of chromosomal instability (CI). 

This observation was soon followed by several other reports in which gamma 

irradiation were used to elicit similar effects in primary human lymphocytes [75], or 

hamster cell lines [76]. It was concluded that radiation can induce a GI-phenotype in 

mammalian cells that is transmitted over many cell generations, and can lead to an 

enhanced frequency of genetic changes occurring among the progeny of the once 

irradiated cell. The mechanism(s) by which GI is induced by radiation is mainly 

unknown, but speculations of the induction of GI include a number of possibilities: (1) 

mutations in genes involved in control of DNA synthesis or DNA repair, (2) persistent 

aberrant production of oxygen radicals [71, 77], or (3) disturbance of the dynamics of 

global gene expression in the cell [78].  

 

Using a primary T-lymphocyte cloning assay, Holmberg et al. [75, 79, 80] showed in 

several studies that IR induces CI. Following exposure to an acute dose of 3 Gy of X 

or γ-radiation, the T-cells were mitogen-stimulated, cloned and allowed to proliferate 

for up to two months in culture. Cell samples were taken for karyotype analysis at 

various time intervals. Non-irradiated control clones showed normal karyotypes with 

few sporadic aberrations. Clones derived from irradiated cells developed from normal 

or relatively simple karyotype abnormalities toward more complex aberrations 

associated with subclonal karyotypes. These observations of karyotypic 

heterogeneity, subclonal development and increased frequency of sporadic 

aberrations were taken as evidence of CI. This cell system has been used in Paper I 

in this thesis. 

It appears that exposure of cells to genotoxic stress sets into motion cellular changes 

that produce CI similar to that seen in cancer cells. However, because of the high 

percentage of cells involved, it is unlikely that mutations in specific genes are the 

main cause of these effects. RICI may therefore be due to altered expression of 

Susann Fält 

20



Stockholm 27/01/06 

genes as a result of epigenetic changes, possibly in response to signal transduction 

pathways initiated by double-strand-break repair [81]. In Paper I in this thesis, an 

attempt is made to deepen the knowledge of RICI by analysing the changes in global 

gene expression that occur in proliferating cells long time after irradiation.  

   

 

3.3.3 Gene expression in irradiated cells 

Exposure of cells to agents inducing genotoxic stress, e.g. alkylating agents and IR, 

triggers the activation of immediate stress response pathways resulting in altered 

expression of a number of genes [69, 70, 82-84]. These changes in expression of the 

responsive genes are temporary in most instances, and associated with repair or cell 

death/apoptosis [69, 70]. 

The acute response: Several groups have used the array technology to study acute 

stress responses up to 72 hours after IR, reviewed in [85]. Transcriptional responses, 

after acute irradiation differ widely between different cell lines/types, emphasising that 

a single cell line or cell type cannot provide a general model for cellular responses to 

genotoxic stress.  

Late appearing response: late responses to IR have been reported in a few studies. 

Two separate in vivo studies investigated tissue damage after irradiation and the 

gene expression response up to 30 weeks post-irradiation [86, 87]. These two 

studies suggest that no single gene or expression pattern contributed to the tissue 

damage in vivo. 

Subsequent to our study in the thesis (Paper I), Morgan et al. studied the global gene 

expression pattern in radiation-induced chromosomally unstable human-hamster 

hybrid cell clones [88]. The conclusion from this study was that no single expression 

pattern was linked to instability in the clones that were analysed.  

 

3.4 Hematological B-cell malignancies 
 Lymphoma is a broad term encompassing a variety of cancers of the lymphatic 

system. The two main groups of lymphoma in humans are Hodgkin's lymphoma and 

non-Hodgkin's lymphoma. 
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Since the early 1970s, incidence rates for non-Hodgkin’s lymphoma have nearly 

doubled. Incidence rates for Hodgkin’s lymphoma have declined slightly over the 

same time period, especially among the elderly. 

Non-Hodgkin's lymphoma is a malignant growth of B or T cells in the lymph system 

and encompass over 29 types of lymphoma and leukemia. The distinctions are based 

on the type of neoplastic cells. In 2001, a modern comprehensive classification 

system was published under the World Health Organization (WHO) [89]. According to 

the WHO classification, non-Hodgkin’s lymphomas are grouped into B-cell, T-cell and 

Natural Killer (NK) cell lymphomas based on its cellular origin and maturation grade.  

 

3.4.1 B-cell chronic lymphocytic leukemia (B-CLL) 

B-CLL is the most frequent type of leukemia in the Western countries. The disease is 

most common among the elderly with a median age of diagnosis of approximately 65 

years [90]. The disease is reported to be twice as common in men as in women. B-

CLL follows a variable clinical course with overall survival times ranging from less 

than one year to more than ten years. Some patients have no or minimal symptoms 

during their entire disease course while others rapidly develop more severe 

symptoms including a large tumor load, anaemia and an increase in lymphocyte 

count. Curable treatment-options have still not been identified but more intense 

treatments including antibody chemotherapy and bone marrow transplantation can be 

of value for selected patients with poor prognostic features.   

 

3.4.2 Clinical staging and prognosis in B-CLL 

The standard clinical procedures to estimate prognosis in B-CLL are the clinical 

staging systems developed by Rai et al. and Binet et al. [91, 92]. These systems 

define early (Rai 0, Binet A), intermediate (Rai I/II, Binet B) and advanced (Rai III/IV, 

Binet C) stage disease with median estimated survival times of > 10, 5-7, and 1-3 

years, respectively. However, there is an uncertainty with the clinical staging system 

when it comes to predict disease progression in patients with early stage disease. 

Since more than 80% of patients are diagnosed in early disease it is of great 
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importance to identify factors that can predict poor prognosis and also identify 

patients that will benefit from intense therapy in an early stage. 

 

3.4.3 Identification of prognostic factors in B-CLL 

Other clinical and biological factors of prognostic relevance that serve as a 

complement to the standard clinical staging are: (1) clinical patient characteristics 

such as age, gender and performance status; (2) laboratory parameters reflecting the 

tumor burden or disease activity such as lymphocyte count, lactate dehydrogenase 

(LDH) elevation, bone marrow infiltration pattern or lymphocyte doubling time (LDT) 

[93-95] ; (3) serum markers such as soluble CD23, β2-microglobulin (β2-MG) or 

thymidine kinase (TK), [96, 97] and (4) genetic markers of tumor cells such as 

genomic aberrations, gene abnormalities (p53 and ATM), the mutation status of the 

variable segments of immunoglobulin heavy chain genes (VH) (see further below), or 

surrogate markers for these factors (CD38, ZAP-70, lipoprotein lipase (LPL), etc.)[93, 

98-104]. 

 

Table 2. Prognostic factors in B-CLL 
Prognostic factors associated with progressive B-CLL 

Unmutated immunoglobulin genes 

Expression of ZAP-70 

Short lymphocyte doubling time (less than six month) 

Deletion in chromosome 11q or 17p 

Expression of CD38 

High serum levels of β2-microglobulin 

High serum levels of soluble CD23 

High serum levels of thymidine kinase activity 

 

 

3.4.4 Immunoglobulin genes in B-CLL   

B-CLL is a disease that has a specific feature showing an accumulation of mature 

neoplastic B-lymphocytes. The number one function for B-lymphocytes is to 

recognise antigens and to activate the immune response. Each B-cell has its own 
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unique immunoglobulin (Ig) expressed on the cell surface. The Ig molecule has two 

separate functions: one is to bind specifically to molecules from the pathogen that 

elicited the immune response; the other is to recruit other cells and molecules to 

destroy the pathogen once the antibody is bound to it.  

The B-lymphocyte undergoes many stages during its development to the mature 

functional B-cell. The rearrangement of the Ig heavy chain (IgH) and Ig light chain 

(IgL) genes is one of the most important hallmarks of these processes. A functional 

heavy chain molecule is created by recombination of the different VH, D and JH 

segments while the light chain is created by one recombination step between the VL 

and JL genes.  Additional diversification of the Ig genes occurs in the germinal center 

(GC) environment. This process, called somatic hypermutation (SMH), is a 

consequence resulting from the recognition of the Ig molecule with its specific 

antigen. B-cell lymphomas that arise from a clonal expansion of a single B-cell will 

have rearrangements of IgH/IgL genes that are unique and specific for all cells in that 

clone. The IgH/IgL gene arrangement can thus be used as clonal markers for the 

tumor population. SMH has been shown to be diagnostically useful as CLL patients 

with unmutated VH genes in the tumor cells had a clinically worse prognosis than 

patients with somatically hypermutated VH genes  [98, 99, 101, 105]. As per current 

convention unmutated CLLs are defined as those with <2% differences from the most 

similar germline gene in both the expressed VH and VL genes, while mutated display 

≥2% differences. The median overall survival for mutated and unmutated cases is 

reported to reach 24 and 9-10 years, respectively.  
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 Figure 2. V(D)J-recombination of the gene for the Immunoglobulin heavy chain 
(IgH)  

 

 

A restricted usage of VH genes has been shown in B-CLL with a non-random over 

usage of the VH1-69, VH3-7, VH3-21 and VH4-34 genes [99, 106-112]. The use of one 

individual immunoglobulin variable heavy chain (VH) gene, VH3-21, has recently been 

shown to be associated with poor prognosis irrespective of the mutation status [111]. 

In more detail the study showed, that two-thirds of the VH3-21 group displayed 

mutated VH genes. Furthermore, many of these VH3-21+ rearrangements (both 

mutated and unmutated) displayed unusually short and highly homologous CDR3s, 

predominant λ light chain expression and restricted use of one particular Vλ gene, 

Vλ2-14. This indicates that antigens can be involved in lymphoma development, 

possibly stimulating proliferation of B-cells that express Igs encoded by certain VH 

genes, resulting in an increased risk of transforming events. Antigens are so far 

unknown, but there is a speculation that either self or non self antigens might trigger 

B-cell transformation.   
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Figure 3.  B-cell differentiation in the germinal-centre. Mature (naïve) antigen-

activated B-cells that receive signals known as ‘T-cell help’ are driven into primary B-

cell follicles in secondary lymphoid organs such as lymph nodes, where they 

establish germinal centers (GCs; light zone). The dark zone mainly consists of 

proliferating GC B-cells, whereas the GC B-cells in the light zone are resting. In 

proliferating GC B-cells, the process of somatic hypermutation is activated, which 

leads to the introduction of mutations at high rate into the rearranged Ig variable (V)-

region genes of the B-cells. Most mutations are disadvantageous for the cells – such 

as those that lead to reduced affinity of the B-cell receptor (BCR) for antigen and 

cause cells to undergo apoptosis. A few GC B-cells will acquire mutations in the BCR 

that increase their affinity for antigen, and those cells will be positively selected. The 

selection process presumably takes mainly place in the light zone, where the GC B-

cells are in close contact with CD4 T-cells and follicular denditric cells (FDCs). A 

fraction of these GC B-cells undergo class-switch recombination. Finally, GC B-cells 

differentiate into memory B-cells or plasma cells and leave the GC microenvironment. 

Modified with permission from the author Kϋppers et al. [113].  
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3.4.5 Studies of gene expression in hematological malignancies 

The first study where microarrays were used to distinguish between different 

leukemias was performed by Golub et al. 1999 [41]. They used a class discovery 

procedure that, based solely on the gene expression pattern, discovered a distinction 

between acute myeloid leukemia (AML) and acute lymphoblastic leukemia (ALL). 

With the class discriminatory algorithm a 50-gene predictor was chosen and tested 

on 38 acute leukemia samples. All samples, except two, were correctly classified as 

AML or ALL. The predictor was then tested on an independent collection of 34 

leukemia samples. The predictor classified 29/34 correct. These results demonstrate 

the usefulness of gene expression profiling in classification of cancers and in the 

prediction of unknown patient samples. 

Since then many other hematological malignancies have been investigated in search 

for prognostic markers, new subgroups and an insight into the biology underlying 

these malignancies.  

Gene expression studies in diffuse large B-cell lymphoma (DLBCL) revealed new 

unexpected subgroups: germinal-center B-cell-like, type 3 and activated B-cell-like 

DLBCL [114, 115].  

The first gene expression study in mantle cell lymphoma (MCL) showed an alteration 

in apoptosis genes, in addition to the already known overexpression of cyclin D1 

[116]. With a hierarchical cluster analysis, MCL could be grouped in two 

subpopulations. Two separate studies have defined two different sets of genes for 

survival prediction in MCL [117, 118]. 

 A gene expression analysis of the spectrum of common cytogenetic aberrations in 

acute myeloid leukemia (AML) showed a correlation between gene expression 

signature and cytogenetics [119]. In a study by Bullinger et al. a 133-gene predictor 

was build that could accurately predict overall survival of AML patients, whether they 

had a cytogenetic lesion or a normal karyotype [120]. 

Acute lymphoblastic leukemia (ALL) is the most common childhood cancer. ALL with 

translocations involving the mixed-lineage leukemia gene (MLL) is associated with 

poor prognosis and is shown to have a distinct expression profile [121]. In a broad 

study by Yeoh et al. 6 distinct ALL subtypes were identified based on their gene 
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expression profile, representing known leukemia subtypes characterised by genetic 

lesions [122]. 

The first microarray study on multiple myeloma (MM) stratified MM into four 

subgroups and also found a correlation between gene expression profiles and 

specific translocations. In addition a set of genes was identified that could 

discriminate between MM and normal plasma cells [123]. 

 

3.4.6 Studies of gene expression in B-CLL 

Absence or presence of mutations in the immunoglobulin variable region genes have 

been shown to be correlated with a progressive or indolent course of B-CLL [98, 99]. 

However, based on the gene expression pattern and an unsupervised clustering in 

two separate studies [124, 125], it was not possible to distinguish between IgV-

mutated CLL (M-CLL) and IgV-unmutated (UM-CLL). Nevertheless, a specific CLL 

signature was identified, that could distinguish CLL from other lymphoid malignancies 

and normal subpopulations. In addition, with a supervised analysis approach a set of 

genes, which discriminated between M-CLL and UM-CLL, was identified. Rosenwald 

et al. identified a small set of discriminator genes that could distinguish M-CLL from 

UM-CLL with 100 % accuracy. The gene that code for zeta-associated protein of 70 

kD (ZAP-70) was the single most discriminating gene. ZAP-70 is a 70kD ζ-chain 

CD3-receptor-associated protein tyrosin kinase (PTK) of T-lymphocytes. ZAP-70 

expression has in other studies been shown to correlate with IgV mutational status, 

disease progression and survival in CLL patients [103, 126] . There is an indication 

that the expression of ZAP-70 is associated with an enhanced BCR-signaling. This 

may contribute to a more aggressive disease associated with an unmutated 

immunoglobulin receptor [127]. 

In contrast to the above mentioned studies, Vasconcelos et al. recently showed that it 

was possible to differentiate between stable and Ig-mutated B-CLL and progressive 

and Ig-unmutated B-CLL [128]. With the use of two independent unsupervised 

hierarchical clustering methods they succeeded in distinguishing indolent from 

aggressive B-CLL.  
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A correlation with Ig mutation status and expression of the cell surface marker CD38 

has been identified. B-CLLs with unmutated IgV genes tend to have a larger 

proportion of cells that express CD38 than mutated B-CLLs [98]. In a gene 

expression study by Dϋrig et al. a set of genes was identified that differed significantly 

between CD38+ and CD38- B-CLL patients [129]. 

 

3.5 The effect of a single gene on global gene expression 
By controlling the expression of a single gene in an inducible transcriptional system a 

vast number of downstream genes can be affected in the host cell. Global gene 

expression changes after single gene transformations have been shown in a number 

of studies [130-138] . These studies show the power in controlling one gene’s 

expression and the accompanying effect that can be identified as potentially new 

target genes.  

Biological function can only rarely be attributed to one specific molecule. Instead, 

most biological characteristics arise from complex interactions between the cell’s 

numerous constituents, such as proteins, DNA, RNA and small molecules [139-143]. 

All genes in biological systems are organized in such interaction webs or ‘networks’. 

Depending on where in this network and how many connections with downstream 

genes a specific gene has, the total effect will vary. Many connections will result in 

many affected genes and with few connections, not so many genes will be affected 

[144].  

 

Experimental approaches have been developed the last decades allowing control of 

individual gene activities in eukaryotic cells. Analysis of the accompanying 

phenotypic changes has provided new insights into numerous biological mechanisms 

and processes. There have been two basic strategies: The first targets genes directly 

by site-specific recombination, resulting in activation, inactivation, or alteration of the 

gene of interest; the second aims at quantitatively and reversibly controlling a gene’s 

function, generally leaving the endogenous gene itself untouched within its genetic 

context [145]. An example of the latter strategy is a transcription activation system 

with a Tet-Off or Tet-On (Clontech) regulator plasmid that is controlled by 
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tetracyclines (Tc), particularly by doxycycline (Dox) [146]. The Tet-Off and Tet-On 

expression systems are binary transgenic systems in which expression from a target 

transgene is dependent on the activity of an inducible transcriptional activator. In both 

the Tet-Off and Tet-On systems, expression of the transcriptional activator can be 

regulated reversibly and quantitatively by exposing the transfected cells to varying 

concentrations of tetracycline, or Tc derivatives such as doxycycline (Dox). 

 
Figure 4a. Yeast protein interaction network. A map of protein-protein interactions 

in Saccharomyces cerevisiae. The figure shows that single proteins have different 

number of connections with other proteins. Reproduced and modified with permission 

from the author Oltvai et al.  [147].  
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Figure 4b. Yeast DNA damage response network and pathways. Yeast protein-

protein interaction network identifies and confirms known components of five major 

DNA damage response pathways. Significant interplay and coordination between all 

five pathways is demonstrated. BER: base excision repair, NER: nucleotide excision 

repair, MMR: mismatch repair, RR: recombinational repair, CCC: cell cycle control. 

White circle: non-essential protein; grey circle: essential protein; black line with arrow 

head: reaction path; blue line: protein-protein interaction. The figure illustrates 

multiple levels of interaction between Rad51 and other proteins. The red circle 

indicates the Rad51 protein. Reprinted from [148] with permission from  

Elsevier. 
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3.5.1 HsRad51 

Several different pathways have evolved to cope with DNA damage from both 

endogenous and exogenous sources. A key repair pathway in somatic mammalian 

cells is homologous recombination (HR). HR is important during and following DNA 

replication, when a sister chromatid is present as a template for repair. In eukaryotes, 

the central HR protein is Rad51 which catalyses strand transfer between a broken 

sequence and its undamaged homologue to allow re-synthesis of the damaged 

region [149]. Additional Rad51-like genes (XRCC2, XRCC3, Rad51L1, Rad51L2, 

Rad51L3) have crucial roles in the HR pathway together with Rad51.   

 
The Rad51 protein is essential in embryonic development, which has been shown in 

Rad51 knock out mice [150, 151]. Loss of Rad51 in cell cultures did not allow cell 

cultures to be established [151], and switching off Rad51 expression in cell cultures 

led to the accumulation of cells in G2/M with large amounts of chromosomal 

breakage [152]. 

Rad51 has been shown to have an antiapoptotic activity in tumor cells [153]. A large 

body of evidence indicates that Rad51 expression is associated with carcinogenesis. 

Over-expression of Rad51 in cells can stimulate HR [154-157] or reduce HR [158], 

but can potentially lead to chromosome rearrangements [159]. Elevated expression 

of Rad51 enhances radio-resistance of human tumor cells [155, 160] .  

High levels of Rad51 have also been correlated with resistance to cisplatin, 

mitomycin C [161], chlorambucil [162, 163], calicheamicin γ1 [164] and VP16 [165]. 

Rad51 protein is highly expressed in tumor cell nuclei of several solid carcinomas 

[164]. 

In a study by Flygare et al. the human fibrosarcoma cell line HT1080 was used to 

generate clones carrying a HsRad51 transgene under a repressible promoter [166]. 

With this inducible system, negative effects on cell proliferation and apoptosis were 

observed when HsRad51 was overexpressed. These findings prompted us to study 

changes in global mRNA expression associated with these phenotypic changes, and 

obtain information on the function of Rad51 in different cellular pathways and thereby 

on its involvement in carcinogenesis. The results are presented in paper IV. 
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4. PRESENT STUDY 

 

4.1 Specific aims 
Variations in global gene expression were studied in three different cell systems 

including (1) normal, primary cells (2) malignant cells in patients with B-CLL (3) an 

experimental cell system with inducible expression of a single gene. Using one and 

the same technique for analysis of global gene expression in these cell systems we 

were able to study specific questions related to radiation-induced chromosomal 

instability, disease heterogeneity in B-CLL, and effects related to variable expression 

of a gene involved in the repair of genome damage (Table 3). More specifically, the 

aims were to:       

 

• Identify genes, in a heterogeneous cell population, whose expression are 

changed after irradiation and long time culturing (Paper I). 

 

• Identify candidate genes that may reflect disturbed metabolic/regulatory 

pathways and/or serve as markers for diagnostic categorization purposes for a 

subcategory of B-CLL patients with VH3-21 usage (Paper II). 

 

• Identify genes associated with disease progression, which might give clues to 

the biology of progression and identify treatment-needing B-CLL patients, and 

find possible targets for therapy (Paper III). 

 

• Study early and late effects on global gene expression changes, as well as 

cellular morphological changes, caused by variable levels of human Rad51 

expression (Paper IV).  
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Table 3. Overview of systems and aims 

 
Study System Parameters studied Aim 

 
Primary human T-
lymphocytes exposed to 
ionising radiation 
 
A. Bulk culture 

 
 
 
 

 
A. Genomic stress and 

proliferation 

 
1. 

 

B. Clones 
 
B. Genomic stress 

 

Study long term effects of 

ionising radiation, by 

analysis of variability in 

global gene expression 

patterns. 

    
B-cell chronic 
lymphocytic leukemia,  
B-CLL 
A. VH3-21+ and  
non-VH3-21+

 
 

 
 
A. Disease sub-classification  

 

Identify marker genes, 

single or as a group, for the 

B-CLL sub-category using 

VH3-21. 

 
 

 
 

2. 
 
 

3. 
 
 

 

 
B. Stable and progressive  

 
B.  Disease progression  

 

Identify marker genes, 

single or as a group, for 

clinical progression of B-

CLL. 

A.  Gene dose effects 

 

B. Changes in long term 

revertant 

 
4. 

 
Human cell line with 
variable expression of 
HsRad51  
 C. Changes during culturing 

 

 

Study effects of changes in 

global gene expression 

caused by a single-gene 

overexpression.  
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Experimental design

Experiment/Sample collection, RNA extraction 
and probe preparation        

Hybridisation, labeling 
and scanning

Image analysis,
quality checking                  

Scaling, normalisation and 
filtering of data

High-level data analysis with statistics, 
including pair-wise comparison, 

marker analysis and hierachical clustering

Biological annotation

Confirmation analysis

Data storage

Data storage

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5. The workflow of a gene expression study 
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4.2 Methods & Approaches 
The workflow for a gene expression study using the array technology is shown 

schematically in figure 5, and discussed in the following sections. 

 
4.2.1 Study design 
 
Platform 

The choice of technology platform is a question of aim, availability and cost. A cDNA 

array can be custom designed for a specific biological question; i.e. apoptosis or 

cancer arrays. Manufacturers of high-density oligonucleotide arrays can now offer the 

complete transcriptome in one single chip, which is suitable for a multitude of 

applications. 

The Affymetrix GeneChip® microarrays [167] consist of small DNA fragments, here 

called probes, chemically synthesized at specific locations on a coated glass surface.  

The location where a probe is synthesized is called a feature, each array contain 

millions of features. The gene sequences used to design each probe are selected 

from public databases such as GenBank, dbEST and RefSeq. Each gene on the 

array is represented by 11-16 probe pairs, each with a length of a 25-mer. One probe 

in each pair is a perfect matched (PM) probe (i.e. perfectly matched to the selected 

sequence) and the other one a “mismatched” (MM) probe. The MM probe contains a 

single base substitution centrally located in the probe. It serves as an internal control 

and thus is used to detect and eliminate any false positive measurement.  

Some house keeping genes are represented as three probe sets, one set designed 

to the 5’ end of the gene, a second set to the middle of the gene and the third to the 

3’ end. In addition, species-specific spiked-in control probe sets are added to 

facilitate the evaluation of the hybridisation. In cDNA arrays, two samples are 

hybridised and compared on the same chip. In contrast, the Affymetrix system makes 

use of one sample per chip, which offers the possibility of computer-based 

comparisons with any other previous or future sample. 

In this thesis we used Affymetrix GeneChip® U95Av2 with 12 625 probes for study I-

III and Affymetrix HG-Focus arrays, including 8 500 probes for study IV. 
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Samples and replicates 

The challenge in gene expression studies is to identify differential expression with a 

high degree of success and a low rate of false positives. A further problem is to 

decide whether the outcome shows a biological difference between the compared 

states or is just a chance result or biological or technical noise.  One approach to 

deal with these problems is to use a number of replicate samples. Another alternative 

in a clinical study is to increase the number of patients. Technical replicates provide a 

measure of the experimental variation, which can be affected by RNA quality, 

labelling efficiency and chip quality. The ideal situation should be to use technical 

replicates as well as the more relevant biological replicates.  

Biological replicates representing e.g. RNA preparations from different individuals or 

cell cultures, improve accuracy of fold change measurements, thus increasing the 

chance of observing biologically significant gene expression differences while 

decreasing error rates. Confirmation of the results from a non-replicated experimental 

design by using independent methods as real-time quantitative PCR (RQ-PCR) or 

northern blotting is also a way to secure the biological relevance of the results. 

However, one should recall that there is likely to be a biological aspect of “noise” or 

variation in the process of gene expression that contributes to phenotypic variability 

in all complex and dynamic biological systems [168].  

The studies in this thesis comprise different experimental designs. Control cells were 

compared with experimentally modified cells in study I and IV. In study I we used cell 

samples from three different donors, cultured in bulk and as individual clones, and 

collected at different time points. For study IV we used biological duplicates, two 

culture flasks for each condition and four pair-wise comparisons for each treatment 

(duplicates A & B). Due to these stringent criteria, only genes showing consistent up- 

or down-regulation in all four comparisons were considered for further analysis. In 

study II and III, samples from ten or more patients were used in each clinical category 

in order to provide the basis for detecting systematic biological differences in gene 

expression against a background of clinically relevant phenotypic variation. 
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4.2.2 Experimental methods 
 
RNA isolation and target preparation 

The quality of the RNA is essential to the overall success of the analysis. RNA can be 

extracted from tissue or cell samples by common organic extraction procedures used 

in most molecular biology labs. Or else, one of the commercial kits for RNA extraction 

can be used. Both total RNA and mRNA can be used for labeling. In this work, we 

isolated total RNA from purified lymphocytes with the Qiagen Rneasy Mini Kit. Of 

great importance in a gene expression study is the quality of RNA that is used for 

hybridisation to the array.  All RNA samples in this study have been qualitatively 

verified in three steps: Before hybridisation, the RNA quality has been checked on a 

1% agarose gel and with a 260/280-absorbance reading. After hybridisation the RNA 

quality was checked with the internal control probes on the chip. 

 

Labeling and hybridisation 

Depending of which platform is used; the fluorescent labeling-molecule differs.  

For cDNA arrays, Cy5 and Cy3 fluorophores are used, one fluorophore for the control 

sample and one for the treated sample. The Cy5 and Cy3 fluorophores are 

incorporated during the in vitro transcription (IVT) amplification.  

The Affymetrix Genechip technique makes use of a conjugate of Biotin-Streptavidin-

Phycoerythrin (Biotin-SAPE) for labeling. The Biotin-SAPE conjugation is modified in 

the staining step after hybridisation. Hybridisation conditions are similar to other 

hybridisations used in molecular biology and are usually performed in 42-45° C over 

night. 

Hybridisation and staining is followed by scanning and storage of the image data. 

The information from a gene expression experiment (Affymetrix) is stored in several 

data files: an image file (*.dat), and a *.cel file which store the intensity data 

calculated from the *.dat file.  The *cel file contains a single intensity value for each 

cell. The cell intensity data is then analysed and saved as a *.chp file, which contains 

qualitative and quantitative analysis for every probe set. In addition, an experiment 

information file and a report file are created. The report file summarises the data 
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quality information from each single experiment from the *.dat file and contains a 

single intensity value for each probe cell delineated by the grid. The intensity data 

from the *.cel file is then analysed  

Hybridisation controls (a mixture of fragmented cRNA from E. coli and P1 

bacteriophage), that are spiked into the hybridisation cocktail, evaluate the sample 

hybridisation efficiency and can also be used to indirectly assess RNA sample quality 

among replicates. All hybridisation controls should be scored “present” in samples 

that show good hybridisation efficiency. 

Internal control probe sets are included in all arrays and are used to assess RNA 

sample and assay quality. House keeping genes like GAPDH and β-actin are 

commonly used. The ratio of the signal values between the 3´ probe set and the 5´ 

probe set (see above) should not exceed 3 for good quality assays. 

 

4.2.3 Data analysis 
 
In this study, for the pairwise and marker analyses, image analysis was performed 

with Affymetrix Micro Array Suite Software (MAS) version 5.0 to analyse the scanned 

images, convert intensities to a numerical format and obtain a detection call. This call 

indicates whether a transcript is reliably detected (Present) or not detected (Absent). 

Calculations are based on differences in PM and MM signals. Additionally, a signal 

value is calculated for each probe on the array, which assigns a relative measure of 

abundance to the transcript.  

An alternative software for image analysis is DNA-Chip Analyzer (DChip) [169]. 

Results from this single array analysis, also called absolute analysis, can then be 

exported into other appropriate software packages for different high-level analyses. 

See Figure 6.  
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  Figure 6. Overview of gene expression data analysis  
  

 

 

Percent Present 

The “Percent Present” (%P) is a measurement of the number of present probe sets in  

relation to the total number of probe sets on the array. The %P depends on a number 

of factors including cell origin, array type and RNA quality. Replicate samples should 

have similar %P values. Percentage of “present calls” is usually 30-50 %. 
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Scaling/normalisation 

There are many sources of systemic variation in a microarray experiment that affect 

the measured gene expression levels. The overall intensity between arrays should be 

similar and global scaling/normalisation is performed to minimise technical variation 

between arrays. Differences in overall intensity are most likely due to assay variables 

including pipetting error, hybridisation, washing and staining efficiencies, which are all 

independent of relative transcript concentration. Applying a global normalisation 

corrects for these variables. For replicates and comparisons the scaling/normalisation 

factors should be comparable. Large discrepancies (e.g. three-fold or greater) may 

indicate significant assay variability or sample degradation leading to noisier data.  

 

Identification of differentially expressed genes 

Filtering is done to exclude genes that do not vary between samples and therefore 

are of low biological relevance for the study. Only genes that show some changes in 

expression during the experiment are preserved in the dataset. Differentially 

expressed or otherwise interesting genes are stored as simple lists of gene names 

(probe identities), i.e. gene lists.  

 

High-level data analysis 

The high-level analysis or “data mining” can be summarised as identifying relevant 

patterns of interest in a data set, based on specified biological problems/questions.  

This will involve data processing using various statistical techniques to identify the 

patterns. Many free and commercial software packages are available to analyse 

microarray data sets [170-174].  

In this study we have used MAS 5.0 for pair wise comparison analyses, GeneCluster 

2.0 [175] to identify markers and to build a predictor and DChip [169] for 

unsupervised hierarchical clustering, classification and prediction. 
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Pair-wise comparison 

MAS 5.0 was used for pair-wise comparisons in study I and IV. During a comparison 

analysis, each probe set on the experiment array is compared to its counterpart on 

the baseline array (e.g. cancer samples will be assigned as “experiments” and 

controls as “baseline”), and a change p-value is calculated indicating a Change call 

that is either: “Increase”, “Marginal Increase”, “Decrease”, “Marginal Decrease” or “No 

Change” in gene expression. First, comparisons yielding a “No Change” call were 

removed. Second, a Detection call, “Present” or “Absent” transcript, for each probe 

set was assigned. Then, probe signals that were “Absent” in both base line sample 

and experiment sample were excluded. The third metric was to sort on the relative 

change, fold change, in transcript abundance. MAS 5.0 uses “Signal Log Ratio”. A 

fold change of 2 for increases or decreases corresponds to a Signal Log Ratio of 1 or 

–1 respectively. 

 
Marker analysis and supervised learning (building a predictor) 

Marker genes that individually or as a group are differently expressed between two 

sample groups can be used as molecular markers for the differential diagnosis of 

samples. For marker analysis, the gene ranking method Signal to Noise is useful, 

which identifies the difference of means in each of the classes scaled by the sum of 

the standard deviations: (µ1-µ2)/(σ1+σ2) where µ1 is the mean of class 1 and σ1 is the 

standard deviation of class 1. The marker genes obtained in this way can then be 

validated by random permutations of the class labels to generate the statistical 

significance. These marker genes can also be used, in combination, to build 

classifiers that later can predict unknown samples.  
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Gene 
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Test predictor with leave-
one-out cross validator

Evaluate predictor with 
independent test set

Algorithms:

• Weighted Voting

• K-Nearest Neighbors

 

  
Figure 7. Overview of a class predictor analysis  

 

 

In this study we have used two different classification discriminators, Weighted Voting 

(GeneCluster 2.0) and Linear Discriminant Analysis (LDA) (DChip).  

The weighted voting procedure is as follows: class distinction, e.g. control or disease, 

is assigned, the data set is pre-processed and filtered, a set of marker genes ranging 

from 1-100 is chosen to test and build a predictor. Each input ‘informative gene’ is 

given a vote for either class 1 or 2 depending on whether its expression level in the 
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sample is closer to mean for class 1 or 2. The vote is weighted for its discriminatory 

power. The votes for each class are summarised to obtain total votes for class 1 and 

class 2. The sample is assigned to the class with the higher vote total. To test the 

classifier a ‘leave-one-out’ cross validation is used. One of the samples is withheld 

and the remaining samples are used to train a model and predict the class of the 

withheld sample. This process is repeated for all samples. Fisher test is performed to 

evaluate the significance of each predictor. 

 

µ1 µ2

gene1

gene2

gene3

gene4

Class 1 Class 2

X

X

X

Voteclass 1 Voteclass 2

= expression level for unknown sample

Class 1             Class 2

X            

A set of ”informative genes” from the Marker Analysis is used to predict a new 
sample.

Each genes expression level for the new sample decides, or vote, if the sample
should be assigned to class 1 or class 2. 

The new sample belongs to the class that will receive most class votes.

Figure 8. A schematic overview of the class discriminator Weighted Voting.  
µ1 and µ2 represents the group mean expression levels for each single gene for 

class 1 and class 2 respectively. Modified with permission from Golub et al. [41]. 

 

    

The second class predictor Linear Discriminant Analysis, LDA, is an alternative to 

weighted voting for classification. LDA is an established approach for classifying 

samples of unknown classes, based on training samples with known classes. First, a 

comparison analysis based on group mean expression levels for each class, e.g. 
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control or disease is performed to achieve a set of genes that can separate between 

classes. This set of genes is then used to seek the linear combination of variables 

that maximises the ratio of between-group variance and within-group variance by 

using the grouping information. The linear weights used by LDA depend on how a 

gene separates in the two groups and how this gene correlates with the other genes. 

The marker analysis was used in studies I-III, and the class prediction analyses in the 

two clinical studies, II and III. 

 

Unsupervised hierarchical clustering 

With an unsupervised hierarchical clustering samples and genes are clustered 

together according to the similarity in gene expression pattern. In this manner 

subclasses within sample groups can be identified as well as genes that are co 

regulated. In this study we used DChip for unsupervised hierarchical clustering to 

identify subclasses in progressive B-CLL in paper III. 

 

Reproducibility in gene expression patterns 

Validation of identified genes achieved after high-level analyses needs to be 

considered.  To improve the identification of the strongest gene candidates in a 

study, different method parameters used in different softwares are tested.  Our 

approach was to use several software packages with different algorithms, and only 

consider those genes that showed significant changes in expression profile in all the 

different analyses to be of biological importance. 

Moreover, analysis with DChip and MAS represent validation already from the raw 

data level, since they offer use of alternative image analyses. 

 

Biological annotation of identified genes 

Once genes are identified as strong candidates for differential expression, the results 

need to be interpreted in a biological context. Comparing the list of gene profiles of 

interest against previously assembled lists of genes grouped by function, pathway of 

action, or cellular localisation can provide useful insights. 
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Figure 9. Scheme over gene annotation flow   

 

 

Gene ontology 

Annotation is a “comment” attached to the gene. The comment can, for example, 

describe the gene’s biological function, it’s interaction with other genes, and the 

metabolic pathway the gene is acting in. After the genes of interest have been 

identified, their annotations should also be acquired, in order to validate the findings, 

and to generate new hypotheses. 

Stanford Knowledge Systems lab defines ontology as “a formal and declarative 

representation which includes the vocabulary (or names) for referring to the terms in 

that subject area and the logical statements that describe what the terms are, how 

they are related to each other, and how they can or cannot be related to each other. 

Ontologies therefore provide a vocabulary for representing and communicating 

knowledge about some topic and a set of relationships that hold among the terms in 

that vocabulary”. 

Gene Ontology Consortium [176] aims to produce “controlled vocabularies for the 

description of molecular function, biological process and cellular component of gene 

products”. The Consortium has produced a hierarchical structure of Gene Ontologies 

(GO), which is independent of any organism. It is not strictly hierarchical since each 

term can have multiple parents. Genes can be involved in several processes, or carry 
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out multiple functions in alternate cellular locations. Genes of different organisms 

may be annotated using GO descriptions: Three types of GO-numbers, which 

correspond to a gene function, process and localization, are assigned to every gene.  

Several resources for biological interpretation of gene expression data have been 

developed: e.g. GoMiner [177], MAPPFinder [178], VAMPIRE [179] and WebGestalt 

[180]. 

For gene identification and annotation in study I we used KDE GeneSense 1.8 

(InforSense Ltd, London), which maps the Affymetrix probe identifiers to gene 

identities in gene databases through the corresponding accession numbers and 

further to different gene and protein annotation ontology databases. 

In study II-IV we used the resource available at Affymetrix; NetAffx analysis center 

[167] and the software Gene Ontology Tree Machine (GOTM), a web based data 

mining tool using GO hierarchies to identify significant GO categories in a gene set 

[181]. 
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Figure 10. DAG view of enriched GO categories involved in biological 
processes. The categories are brought together in a Directed Acyclic Graph (DAG). 

Functional categories (shown in red) were designated as over-represented, since 

they contain a statistically significant disproportionate number of genes relative to 

what is expected from the distribution of those printed on the microarray platform 

being used.  The “black boxes” represent biological processes that not are enriched. 

The DAG view is produced in GOTM [181]. 

 

Confirmational studies of identified genes 

A subset of reproducible microarray findings can be confirmed with an independent 

method. We used RQ-PCR and Applied Biosystems Assays-on-Demand™ gene 

expression products for confirmation of results in the two clinical studies, study II and 

III.  Due to limitations of patient samples, we used a subset of the original samples in 

the array study for confirmation analysis. 
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Standardisations and public repositories for micro array data 

A goal for researchers is that published scientific results should be available to the 

research community in a form that allows the basic conclusions to be evaluated 

independently. The Microarray Gene Expression Data (MGED) Society 

(http://www.mged.org) has established standards for the exchange and annotation of 

micro array data: the Minimum Information About a Microarray Experiment 

(MIAME) standard [182]. The MIAME standard includes six parts: Experimental 

design, Array design, Samples, Hybridisations, Measurements and Normalisation 

controls. 

In order to make microarray data public a number of public repositories for microarray 

data has been established; the Stanford Microarray database, ArrayExpress at EBI 

[183], the Gene Expression Omnibus (GEO) at NCBI [184] or the Center for 

Information Biology gene Expression data base  (CIBEX) at DNA Data Bank of Japan 

(DDBJ) [185]. 

The data from this thesis work was submitted to the GEO database according to the 

MIAME standard. 

 

 

4.3 Results 
 
4.3.1 Paper I, Long-term global gene expression patterns in irradiated human 
lymphocytes. Carcinogenesis. 2003; 24:1837-1845. 
 
The aim was to study the phenotype associated with radiation induced chromosomal 

instability (RICI). The mechanism behind RICI, as a delayed response after 

irradiation during long term culturing, is largely unknown (see 3.3.2). We 

hypothesized that epigenetic changes i.e. changes in the expression of genes 

involved in the control of replication and cell growth could provide some further 

understanding of the phenotype. Thus, we performed a detailed comparison of global 

gene expression in non-irradiated and irradiated primary human T-lymphocytes 

during long-term culture. To get a survey over how the gene expression changed with 

time of culturing, cell samples were taken at different time-points one to several 
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weeks after exposure to 3 Gy of gamma rays in vitro. Both lymphocyte bulk cultures 

and individual cell clones were used. Cell samples were taken at day 7, 17 or 55 from 

bulk cultures. The T-cell clones were harvested after 22-46 days.  

 

The results showed that irradiation as well as culture time influences the gene 

expression patterns; (1) A notable variability and progressive differentiation of gene 

expression was observed during long-term culture. (2) In bulk cultures, the number of 

genes which displayed a change of gene expression after irradiation increased 

dramatically with increasing culture time, (3) The changes of gene expression 

showed a significantly more diversified pattern in the irradiated T-cell clones than in 

non-irradiated clones. Finally, (4) by combining gene expression profiles from bulk 

cultures and cell clones we were able to sort out a set of genes whose change of 

expression correlates with radiation exposure regardless of cell origin and culture 

time. 

These results suggest that the diversification of the transcriptome associated with the 

delayed response to radiation exposure reflects subtle changes of expression in 

many genes, rather than being the result of major changes in a few genes. The larger 

heterogeneity in gene expression that we observed within the group of irradiated 

clones compared to the group of non-irradiated clones, may be regarded as a long-

term response to radiation that becomes manifest as an increased level of “biological 

noise” and reflects chromosomal instability at the transciptome level. By combining 

gene expression profiles from bulk cultures and cell clones we sorted out a set of 

genes that were common to irradiation status. This set of genes may be regarded as 

a starting point for further studies of the cellular phenotype associated with RICI. In 

summary, these results suggest that chromosomal instability is a dynamic state, 

which is reflected by subtle changes of expression in many genes, rather than being 

the result of major changes in a few genes. 

 

When our data was compared to data from the literature [186], only one of the marker 

genes was identical to genes previously identified in the acute radiation response, 

indicating that this response is not maintained at later culture times.  The acute 
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radiation response initiates stress pathways that induce genes in DNA repair, cell 

cycle checkpoint and apoptosis. A large part of the acute gene expression response 

to irradiation has returned to baseline levels after 24 hours and can thus not be 

observed in cell samples taken for gene expression studies several weeks later. 

A few studies of the late response in gene expression after radiation are published 

[86-88]. The results from these studies are in accordance with our present study; 

showing a heterogeneity in gene expression and conclude that no single gene or 

transcriptional response can be responsible for the late effects after radiation. 

 

Moreover, our findings highlight a number of points that are relevant for the 

interpretation of gene expression patterns in general: (1) considerable changes in 

gene expression may develop during in vitro culture of untreated primary cells; (2) the 

analysis of clonally expanded cell populations may offer advantages compared to 

bulk cultures (see section 4.4); and (3) the combination of global, subtle changes in 

many genes may be useful as a marker for biological studies.  

 

 
4.3.2 Paper II. Distinctive gene expression pattern in VH3-21 utilizing B-cell 
chronic lymphocytic leukemia. Blood 2005; 106:681-9. 
 

The aim with this study was to identify candidate genes that may reflect disturbed 

metabolic/regulatory pathways and/or serve as markers for diagnostic categorization 

purposes for a subcategory of B-CLL patients with VH3-21 usage. 

As described in section 3.4.2, the use of one individual immunoglobulin variable 

heavy chain (VH) gene, VH3-21, has recently been shown to be associated with poor 

prognosis irrespective of the mutation status [111]. Therefore a global gene 

expression profiling was desirable to identify distinguishing features at the molecular 

level in order to reveal the biology behind VH3-21+ B-CLL. 

 

To explore the specific phenotypic/genotypic features among VH3-21+ B-CLLs, we 

compared gene expression patterns in 15 VH3-21+ and 24 non-VH3-21 patients (11 

with unmutated and 13 with mutated VH genes).  
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The marker analysis demonstrated that the two groups were clearly separated and 

up to 1000 markers for each group were significant at the 5% level.  

With the weighted-voting algorithm and a 27-gene model a 90% correct classification 

was achieved. The second classification, LDA, yielded a 100% accurate 

classification, based on 57 genes.  

In order to identify markers that best correlate with the VH3-21 status when an Ig 

mutated (M-CLL) vs. Ig unmutated (UM-CLL) comparison is performed 

simultaneously, a three-group marker analysis was performed. The result showed 

that the difference between the UM-CLL and M-CLL groups was quite indistinct, 

compared to the VH3-21 group, which is clearly and significantly distinguished from 

the UM-CLL/M-CLL groups.  

To pin-point genes that were associated with any of the genotypes, as well as the 

genes that were the highest ranked in all comparisons between VH3-21+ and non 

VH3-21+ samples, a combination of genes from all comparisons between VH3-21+ and 

non VH3-21+ samples were compiled in a gene list. (Table 1 in paper II) Several 

genes were consistently changed in more than one comparison. 

The 200 best-ranked up and downregulated genes that were identified in the marker 

analysis were then linked to a Gene Ontology (GO) database to achieve a deeper 

knowledge in the biological processes for non VH3-21+ and VH3-21+ related genes.  

GO categories that showed an over representation of genes that were upregulated in 

VH3-21+ samples were in the categories; “cell organization and biogenesis”, “cell 

cycle”, “protein modification” and “transmembrane receptor protein tyrosine kinase 

signaling pathway”. The GO category “transport” showed an elevated number of 

upregulated genes in the non VH3-21+ samples than was expected for this category.  

Three out of four genes showed changes in the same direction when confirmation 

with RQ-PCR was performed. 

 

With this study we have shown that B-CLL-cells in VH3-21+ patients demonstrate a 

distinct expression profile in contrast to the B-CLL-cells in patients belonging to UM-

CLL and M-CLL.  By applying different algorithms, efficient class discriminators of the 
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VH3-21+ subset could be obtained. Biological annotation showed that several VH3-21+ 

related genes are involved in the regulation of transcriptional level and cell cycle 

control, which may render the cells with an increased transcription activity as well as 

a higher proliferative drive.  

 

4.3.3 Paper III, Identification of progression markers in B-CLL by gene 
expression profiling. Exp Hematol. 2005; 33:883-93. 
 
The aim with the study was to identify genes associated with disease progression in 

order to shed some light on the biology of progression, identify treatment-needing B-

CLL patients, and find possible targets for therapy. Since B-CLL is a heterogeneous 

disease with a variation in clinical outcome it is a disease well suited for microarray 

studies. 

Blood samples from 21 B-CLL patients were collected. Eleven patients had a stable 

disease without progression or need for treatment during a follow up period of 24 to 

more than 278 months, while ten patients had a progressive disease and were in 

need of treatment. 

 

With a marker analysis, where genes are evaluated individually, it was not possible to 

identify single genes that showed a significant distinction between stable and 

progressive CLL. Instead we used a combination of genes to build a ‘prediction 

model’ that may separate samples that are phenotypically different. 

To build ‘prediction models’ we used two different supervised learning methods, 

Weighted Voting and Linear Discriminant Analysis (LDA). With the weighted-voting 

algorithm and an 11-gene model, a 71% correct classification was achieved. The 

second classification, LDA, yielded an even more accurate classification (90%), 

based on 5 genes (6 probes). A number of the identified genes common for all 

performed analyses were found to be key regulators in both the cell cycle and the 

mitochondria/cytochrome c apoptotic pathway.  
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To test if it was possible to identify alternative subgroups among the 21 B-CLLs, we 

conducted an unsupervised hierarchical clustering. Here, the clustering of genes and 

samples is based solely on similarities in gene expression.  

With the unsupervised hierarchical clustering approach we identified three clinical 

subgroups: one with a more severe clinical outcome, a second one with good 

prognosis and a third one that was intermediate between the other two groups.  

A set of genes that were upregulated in the progressive samples with the most 

severe disease was linked to the GO database to obtain a deeper biological 

knowledge on the genes. The functional categories ”cell proliferation” and 

“transcription” showed a significant over-representation of genes that were highly 

expressed in the progressive samples. 

After the publication of Paper III, another group has published a microarray study of 

progressive and stable B-CLLs, but with a different study design [128]. Despite the 

differences between the studies, the HLA-DQB11 gene was included among the 

genes most significantly related to aggressive CLL in both Paper III and [128]. 

 

In this study it was possible to identify a set of genes that as a group could 

discriminate between stable and progressive B-CLL. These genes might be of 

importance for the progressive outcome and valuable as possible therapy targets. 

The result from the unsupervised hierarchical clustering showed that  

there is a complex underlying biological variation behind the clinical  

classification into stable and progressive B-CLL. A biological annotation of genes that 

were upregulated in the most severe subgroup of progressive samples pointed 

towards an enrichment of genes related to “regulation of cell proliferation”, “receptor 

protein signaling” and a number of “transcription factors”.  

 

Conclusions from study II and III 
The clinical studies had two different approaches: study III was thoroughly controlled 

when it comes to groups of patients (stable and no need for treatment or progressive 

and treatment needing), as well as collection and handling of samples. The 

classification of stable and progressive disease based on differences in global gene 
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expression profiles turned out to be elusive. Nevertheless, it was possible to identify 

a set of discriminatory genes that might be of importance for the progressive outcome 

and valuable as possible therapy targets. With an unsupervised clustering approach 

we also identified subgroups among the progressive samples. 

A classification based on clinical observations might represent multiple causes and 

mechanisms for a disease compared to more concrete class distinctions where 

samples either share or do not share a common genetic marker. The latter condition 

was fulfilled in study II. The two study populations, distinguished by their VH3-21 

status, were both heterogeneous with regard to disease stage and treatment status. 

Our novel finding of a specific ‘VH3-21 profile’ strengthens the suggestion that this 

group comprises a separate subgroup of B-CLL and may also give insights into the 

pathogenesis of VH3-21+ CLL. 

 

4.3.4 Paper IV. Cell morphology and global gene expression changes in 
response to variable over-expression of human Rad51. Manuscript. 
  

In paper IV, the aim was to study how variable levels of human Rad51 expression 

influences global gene expression changes, as well as cellular morphological 

changes in a genetically modified human cell line in vitro. An inducible system with 

HsRad51 transgenic cell clones from human fibrosarcoma cell line HT1080 were 

used in the study. Both gene dose effect and long term culture effect were studied.  

RNA samples in duplicates from cell cultures grown in parallel expressing high, 

medium and wild type levels of Rad51 were obtained after 24 hours, 2 weeks and 

one month. Pair-wise comparisons were performed to identify genes that were 

changed. Only genes that fulfilled the stringent threshold, increased or decreased in 

all four pairwise comparisons were considered as changed. 

 

After 24 hours culturing there were very few changes independently of the degree of 

Rad51. The culture with a medium level of Rad51 expression showed few global 

changes after two weeks (1 changed gene) and also after one month (3 changed 

genes). A high Rad51 level caused major changes (655 changed genes) after two 
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weeks. After one month in culture the cells with high Rad51 expression had lost the 

transgene expression and reverted back to wild type Rad51 levels. This could also be 

seen as a decrease in the number of changed genes (37 changes). A set of genes 

that were upregulated after two weeks with high Rad51 expression, and then after 1 

month were found to be downregulated in the same but now reverted cell culture, 

were suggested to be Rad51 dependent genes.  

A biological process annotation was performed on this group of genes. Genes 

belonging to subgroups involved in “actin remodelling”, “DNA replication” and 

“response to DNA damage stimulus” were over-represented in this gene list. Among 

the genes in the latter group, the majority (62%) are involved in mismatch repair 

(MMR). These genes showed a decreased transcription in response to high Rad51 

levels followed by an increased transcription in response to decreased Rad51 levels. 

The observation of changed gene activity in the 'actin remodeling' functional category 

is interesting, since the cells underwent a considerable change in morphology during 

the experiment. This notable correlation between gene expression patterns and 

events observable at the cellular level illustrates the potential of GO-annotated 

microarray analysis. 

An overview of changes related to time in culture showed minor differences in 

number of increased and decreased genes between the three cultures. Many of the 

transcriptional changes were identical irrespective of Rad51 expression, and might 

be due to a combination of natural fluctuation and long-term cellular adaptation to the 

culture conditions. 

 

 In study IV we used an in vitro system to study how overexpression of one single 

gene affects the global gene expression.  Effects of gene dose were seen as well as 

an effect of time in culture caused by adaptation to culture conditions. A good control 

of the transgene’s influence on the expression of other genes was achieved by using 

the expression pattern of the revertant and identifying genes that changed in opposite 

directions before and after loss of the transgene expression. The most prominent 

findings in the further analysis of the genes that showed a Rad51 dependent change 

in expression were the over-representation of MMR genes. These genes, that were 
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transcriptionally downregulated in response to increased Rad51 protein levels and 

vice versa, have been shown to play a role both directly in recombinational repair and 

in the regulation of the repair process [187]. 

We have shown in this study, that by manipulating one single gene in a cell system, 

major changes can be seen. Gene expression changes occurred mainly between 

cells with wildtype and high Rad51 expression, only minor changes were observed 

between wild type and medium Rad51 expression. This indicates that a certain 

threshold dose of Rad51 expression is needed for downstream gene effects.  

 

4.4 General discussion and conclusions 
The aim with this thesis was to investigate the use of the Affymetrix microarray 

technology in studies of the variability of global gene expression in complex biological 

systems. Our results highlight a number of points that are relevant for the design and 

interpretation of gene expression patterns in general, as well as specifically related to 

questions raised in the four separate studies.  

 

The main challenge, when using primary cells in global gene expression studies, is 

the heterogeneity and subclonality in the cell population. The individual primary cells 

grown in bulk cultures will show variation in cell cycle stages and in their life cycle as 

a whole. Genes that provide basic metabolic functions for the cell will fluctuate during 

each cells life cycle and therefore show heterogeneity in gene expression. In 

addition, the individual variability between blood donors will also be profound on the 

gene expression level. 

 A more suitable system, to study gene expression in primary cells, is to use 

individual cell clones that originate and has proliferated from one single cell. Cell 

clones provide the possibility to study gene expression changes in individual 

cells/clones from a heterogeneous cell population. These variations can not be 

identified in the mixture of cell clones that represent bulk cultures. 

In study I we combined gene expression profiles from bulk cultures and individual 

clones to identify genes that were consistently changed. In addition we noted that the 
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number of genes that showed changes in their expression, dramatically increased 

with culture time. 

 

A disease classification that is based on clinical observations might represent 

multiple causes and mechanisms for a disease compared to more concrete class 

distinctions where samples either share or do not share a common genetic marker 

(e.g. VH3-21).  

If single marker genes do not give a clear distinction between two clinically separated 

patient subgroups a combination of genes might give a more clear class distinction. 

With an unsupervised clustering approach and based on the gene expression 

signature, new subcategories in a disease can be identified. 

 

Experimental approaches that have been developed and refined over the past 

decade now allow us to modulate individual gene activities in eukaryotes in a highly 

restricted manner. Analysis of the accompanying phenotypic changes has provided 

new insights into numerous biological mechanisms and processes as well as the 

effect on down-stream genes. 

Perturbation of a key gene in a cell system can give dramatically changes in the 

response on down-stream genes, because all genes in biological systems are 

organized in ‘networks’. The achieved effect depends on where in this network and 

how many connections with downstream genes a specific gene has: Many 

connections will result in many affected genes and with few connections not so many 

genes will be affected. 

 

The results of this thesis support the notion that the global gene expression in normal 

cells is in a state of robust dynamic equilibrium. Since the expression of genes form 

interactive ‘networks’, the response to either an acute stress affecting many genes 

(e.g. ionising radiation) or to a change of a single gene’s expression (e.g. genetically 

engineered upregulation) will depend on how many pathways and downstream genes 

that are affected. Eventually, the global gene expression may be restored at the 

same or slightly different level, or the balance may move to a distinctly different state 
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that may be visualized as a persistent change in the global expression profile. The 

understanding of the dynamic interactions in these networks and connections is a 

major challenge for the future studies of the regulation of gene expression in complex 

biological systems.   

 

Finally, one has to remember that the expression of genes, in any organism as a rule 

and under normal conditions, is a dynamic state. This normal fluctuation in gene 

expression due to normal growth has been shown in Saccharomyces cerevisiae [188] 

and also in our own studies [189, 190]. Thus, the “true” gene expression changes in 

an experiment need to be “unmasked” from the “biological noise”.  

 

This thesis summarizes a number of applications where the microarray technology 

has been used as an efficient tool to turn mountains of data into useful biological 

knowledge. The thesis also shed light on the importance in taking into consideration 

the different characteristics in separate cell models.  
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